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The quality of Force Fields (FF) determines accuracy of observations made through 

molecular simulations. Accuracy of such simulations may be achieved by explicit inclusion 

of electronic polarization, such as via the implementation of the Drude harmonic oscillator, 

as in Drude Polarizable FF. Although the Drude Polarizable FF spans a large range of 

biomolecules including proteins, nucleic acids, lipids and carbohydrates, an expansion of 

its small molecule FF is essential, given the vastness of chemical space. Such an expansion 

must be accompanied by the optimization of van der Waals (vdW) interactions, in the 

context of the Lennard-Jones (LJ) formalism.  

 Optimization of the LJ parameters is a multivariate and multi-objective problem 

and is one of the most challenging aspects of FF optimization. Through this thesis, we have 

developed a method that utilizes the sampling power of Latin Hypercube Design (LHD) 

and learning abilities of Deep Neural Network (DNN) to overcome some of these 

challenges. The model is trained on empirical pure solvent/crystal properties of a selected 

set of ñtraining setò compounds, where the final selection is based on the quality of both 

gas phase and condensed phase properties. The optimized LJ parameters are validated for 

transferability on ñvalidation setò compounds, while their ability to reproduce other 



experimental thermodynamic properties such as hydration free energy and dielectric 

constants, are also verified.  

 Chapter 1 of this thesis presents an introduction to underlying concepts of FFs, with 

a major focus on polarizable FFs. Chapter 2 details development of the method, using four 

different chemical classes, i.e., alkenes, 3 and 4 membered rings and nitriles. Chapter 3 

updates the method developed in chapter 2, addressing the challenge of parameter 

correlation. Chapter 4 applies the updated method to another chemical class (alkynes), 

while Chapter 5 concludes the thesis and is a discussion of the challenges associated with 

empirical FF development with a focus on LJ parameters.  

Overall, the method developed through this thesis addresses the most challenging aspect 

of FF development, i.e., LJ parameter development, implemented in a manner that could 

be utilized in context of development of both additive and polarizable FF. 
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Chapter 1: Force Fields and related concepts 

1.1 Introduction  

Molecular dynamics (MD) simulations have come a long way from its first application 

by Alder and Wainwright in 1957, who used hard spheres to represent atoms in a condensed 

phase.1 Around 20 years later, its application to biology was first highlighted by the studies 

pertaining to the conformational changes in proteins.2, 3 Since then, MD simulations have 

time and again been utilized to understand the molecular details of biochemical and 

physicochemical phenomena such as protein dynamics, protein-ligand interaction, enzyme 

catalysis to name a few.4-6 Rapid growth in computational power and increased efficiency 

of computational algorithms, have allowed for simulations on biologically relevant 

timescales, extending up to milliseconds.7 Given its role in the drug-design process, it is of 

utmost importance that such biological events depicted by MD are near accurate, and that 

their reliability is convincing.  

The underlying principles of MD are based on Newtonôs laws of motion applied to 

atomic coordinates requiring calculation of the forces acting on the atoms. To calculate 

such forces, simple and empirically parametrized potential energy equations referred to as 

force fields are applied. Most force fields utilized today could be interpreted as the additive 

sum of the intramolecular and intermolecular forces within the system. While the 

intramolecular contributions to the total potential energy of a system comes from the 

contributions from bonds, angles and torsions, the intermolecular interactions consist of 

non-bonded components including Lennard-Jones and Coulombôs electrostatic 

interactions. Additive or fixed-charge force fields are the current, widely used form of force 

fields, characterized by fixed point charges on each atom, located on their nuclei. Examples 
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of force fields include CHARMM (Chemistry at HARvard Macromolecular Mechanics),8 

AMBER (Assisted Model Building with Energy Refinement),9 GROMOS (GROningen 

MOlecular Simulation),10 OPLS (Optimized Potentials for Liquid Simulations),11 

MMFF(Merck molecular force field),12 etc.  

The functional form of the potential energy function that is the foundation of the force 

field, as incorporated in CHARMM, is represented in equation 1.1. 

ὟὙᴆ  В ὑ ὦ ὦ  В ὑ — — В ὑ ρ ὧέίὲ…

‏  В ὑ ‫ ‫ В Ὗ ‰ȟ‪  В ὑ ό 

 ό  В ‐ ȟ  ς ȟ                                                                                                                

Equation 1.1 

The total potential energy, ὟὙᴆȟ is a sum of the bonded (covalent) and the non-bonded 

(non-covalent) interactions. The bonded part of potential energy describes contribution 

from bond, angle, dihedral and improper connectivity between atoms in a molecule. The 

corresponding b0, q0 and w0 terms are equilibrium values for bonds, angles, and improper 

angles, while Kb, Kq and Kw are their respective force constants. The potential energy 

surface (PES) along equilibrium bond length, angle and improper values is described by 

harmonic potentials. For the dihedral term, Kc is the dihedral force constant and d is the 

phase for each multiplicity n. A combination of dihedral parameters with varying 

multiplicity, n=1-6, may be used to describe the PES along a specific dihedral angle. This 

enables PES to acquire diverse shape (with more than one maxima or minima), thus 

representing the scenario in real molecules. In the CHARMM force fields, the bonded part 

of the potential energy is augmented using two additional terms: the Urey-Bradley term13 

and the CMAP (ñcorrection mapò) term.14 The Urey Bradley term represents the harmonic 

potential between the terminal atoms (1,3) defining a valence angle, where KUB is the 
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respective force constant while u is the distance between the two atoms (1,3) and u0 is their 

equilibrium distance. The CMAP term is a cross-term between two dihedrals and is 

currently applied to the backbone dihedrals (f,y) of proteins to improve their 

conformational properties. The non-bonded contribution to the total potential energy of the 

system is a sum of a van der Waals (vdW) term,15 treated by the Lennard-Jones (LJ) 6-12 

potential,16, 17 and an electrostatic term, represented by Coulombôs law18 between atoms. 

These terms are defined by ‐  the well depth and Ὑ ȟ, the radius in the vdW term, 

while qi and qj are the partial atomic charges of the two interacting atoms in the Coulombic 

term, r ij is the distance between atoms in both vdW and Columbic terms. All the parameters 

in the potential energy function are optimized targeting Quantum Mechanical (QM) 

calculations and experimental structural, energetic and thermodynamic properties. On the 

basis of treatment of the electrostatics interactions of a system, atomistic FF can be 

categorized into two major types: additive and polarizable force fields. A detailed 

discussion of both the types of FFs can be found in the following sections. 

1.2 Additive Force Fields 

Additive or fixed-charge force fields are characterized by fixed partial charges 

(monopole) on atoms without the explicit treatment of polarization. Despite this 

simplification, such force fields have most widely been applied in Molecular Dynamics 

(MD) or Monte Carlo (MC) simulations for the study of biomolecular systems, drug design, 

and material design. Common examples of force fields based on the additive form are 

CHARMM,8 AMBER,9 GROMOS,10 OPLS-AA,11 MMFF,12 among others.19 

The parameters related to any force field may be applicable to either specific 

biomolecules (proteins, nucleic acids, lipids and carbohydrates) or more generalized small 
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organic molecules. While the biomolecular force fields have applications related to the 

study of macromolecular events such as protein folding, nucleic acid folding, nucleic acid 

stabilization, ion-channel opening/closing, etc., small molecule FFs are typically used for 

drug or material design. The two most widely utilized general force fields are General 

Amber Force Field (GAFF),20 and CHARMM General Force Field (CGenFF).21 A detailed 

description of these two FFs are provided in the following sections.  

1.2.1 CHARMM General Force Field (CGenFF) 

CHARMM General Force Field (CGenFF)21 was developed for small molecules as 

part of the CHARMM additive force field. It covers a wide range of small molecules with 

its utilization and application to drug and material design. The wide range of parameters 

covers most chemical functionalities in the chemical space such as alkanes, 22 alkenes,23 

alkynes,21 ethers,22 esters,21 aldehydes,21 ketones,21 alcohols,21 amines,21 nitriles,21 cyclic 

alkanes,22 cyclic ethers,22 alkyl halides and halide aromatic rings,24 sulfur,25 and 

phosphorous compounds,26 etc. The intermolecular non-bonded behavior of these chemical 

functionalities is captured through the van der Waals (vDW) formalism in the CHARMM 

force field, treated by the Lennard-Jones (6-12) potential, as shown in the equation 1.1. 

The LJ parameters, ‐ and Ὑ ȟ are optimized for each atom type i associated with a 

chemical functionality. The atom types in CHARMM are the chemical identity of an atom, 

based on atomic connectivity/fingerprint, their hybridization state, bond order to the 

neighboring atoms, type of neighboring bonded atoms, number of hydrogen atoms, etc. 

Each of these atom types are associated with a set of LJ parameters, which makes a 

significant contribution to its intermolecular non-bonded physical behavior. The 

parametrization strategy in CGenFF abides by the standard parametrization protocol25 of 
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CHARMM. In this approach for small molecules a set of model compounds belonging to 

a particular chemical functionality are first optimized, targeting Quantum Mechanics (QM) 

based data, such as intramolecular geometries, molecular dipole moment and its component 

vectors, water interaction energies and distances, potential energy scans of the 

intramolecular degrees of freedom ï bonds, angles, dihedral and improper angles, and 

vibrational spectra. The overall philosophy of parametrization in CGenFF focuses on 

transferability among the model compounds, such that the parameters of these optimized 

model compounds could be transferred to molecules with similar chemical connectivity 

and functional groups. Once the parameters for the model compounds are optimized, they 

are included in the force field, where the CGenFF program27, 28 can then automatically 

assign parameters for new molecules based on analogy with the existing parameters.  

CGenFF program is a decision tree-based algorithm that initially assigns atom types 

and then parameters, including both bonded and non-bond parameters to molecules. The 

atom typing scheme is based on a carefully curated list of rules, based on their atomic 

connectivity and bonded chemical environment. Once the atom types are assigned 

analogous bonded parameters and associated penalties are identified based on analogy to 

known parameters. Partial atomic charges are then derived based on an extended bond 

charge increment protocol that takes advantage of the previously assigned bonded 

parameters.41 Depending on the extent of analogy with the existing parameters, this 

program assigns penalties for both electrostatic and bonded parameters, where a high 

penalty indicates the potential need for explicit optimization of the molecule. Accordingly, 

optimization of parameters associated with a compound critical for a particular study, such 

as a lead compound is recommeded to ensure reliability of their molecular behavior in MD 
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or MC simulations. Force field optimization tools such as Force Field Toolkit (ffTK),29 

General Automatic Atomic Model Parametrization (GAAMP)30 utility and the most recent 

Force Field Parametrization (FFParam)31 toolkit are available to faciltitate such a process 

whenever required. At present, CGenFF includes a total of 728 model compounds of varied 

chemical functionalities, including a total of 161 atom types, comprising of 58 atom types 

for carbon, 29 for nitrogen, 19 for oxygen, 25 for hydrogen and the rest of them belonging 

to sulfur, phosphorous, halogen and ionic atom types.  

1.2.2 General AMBER Force Field (GAFF) 

The General AMBER Force Field (GAFF)20 is the small molecule component of the 

AMBER additive biomolecular FF developed primarily for protein and nucleic acids,9, 32 

with extensions to carbohydrates,33, 34 and lipids.35, 36 The original version of GAFF20 

included 33 basic and 22 special atom types, offering a coverage to the chemical space 

composed of 10 elements viz. H, C, N, O, S, P, F, Cl, Br, and I. The atom types in GAFF 

are based on chemical connectivity/fingerprints. Information such as the atomic number, 

number of bonded atoms, number of attached hydrogens, number of electron-withdrawing 

groups, hybridization state and aromaticity, and bonded connectivity are considered for 

classifying the atom types in GAFF, much similar to CGenFF. The prediction of the force 

field parameters in GAFF is undertaken by the Antechamber program.37 The determination 

of atom types is performed by matching each query atom through the atom type definition 

string, such that a successful match follows the atom type assignment. The bonded 

parameters are derived from the reference data generated targeting QM results or crystal 

structures. The partial atomic charges are obtained from AM1-BCC semi-empirical 

model,38 or by using RESP scheme upon QM-derived ESP charges in the context of the 
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more recent GAFF2.39 The suggested model chemistry for obtaining RESP charges is 

HF/6-31G*.9, 40, 41 The LJ parameters of GAFF are transferred from the parm99 force 

fields.9, 42 Parm99 FF is a second-generation FF originally built for proteins, nucleic acids 

and organic molecules,9 while later improved for sugars, to improve representation of sugar 

puckers in carbohydrates and helical repeats in proteins.42 Notable tools available for the 

optimization of GAFF are General Automatic Atomic Model Parametrization (GAAMP), 

Force Field Toolkit (ffTK) and the recently developed ParaMol.43 

1.3 Polarizable Force Fields 

Although the additive force fields have been widely used to study chemical and 

biomolecular systems, the absence of explicit treatment of electronic polarizability, limits 

its ability to address changes in the molecular dipole moments as a response to changes in 

the polarity of the environment. A polarizable form of force field overcomes this limitation 

by including the explicit treatment of electronic polarizability. Such force fields may be 

based on different models including the Drude oscillator,44-46 fluctuating charge,47, 48 or 

induced dipoles.49-52 The inclusion of a polarization term in force fields has been shown 

such to more accurately model nucleic acid base flipping,53 conformational sensitivity of 

nucleic acids to ion types,54 improved modeling of RNA hairpins,55, 56 ion distribution 

around duplexes,57 protein folding and simulations of intrinsically disordered proteins,58 

the ability to accurately reproduce the electrostatic potential of membrane systems,59-61 

accurate reproduction of the binding free energy in host-guest systems,62 etc. Some major 

examples of polarizable force fields include CHARMM Drude Polarizable Force Field,44-

46 AMOEBA,63 AMBER ff02,49 OPLS-AAP,64, 65 ReaxFF,66, 67 etc. The following 
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subsections will  include a brief description of the potential functions used to treat the 

electrostatics in different models used in polarizable force fields. 

1.3.1 Fluctuating Charge Model 

The fluctuating charge (FQ) model, first described in ref 47 includes polarizability in a 

system by redistributing the fixed partial charges on atoms in response to changes in the 

electronic environment. Such a model treats fixed atomic partial charges as variables, such 

that the variation in the charge on a site depends on its electronegativity and electronic 

hardness, and the redistribution of the charge on a molecule is such that the 

electronegativity on the site is maintained during each MD step,48 such that the approach 

is also referred to electronegative equalization. 

In an isolated atom, the energy of creating a partial charge QŬ, can be expanded to second 

order:  

Ὁὗ  …Ӷ ὗ ὐ ὗ                       Equation 1.2 

Where, …Ӷ  and ὐ  are parameters dependent on the atom type. The parameter …Ӷ  is the 

Mulliken electronegativity of the isolated atom (per electronic charge ȿὩȿ) and ὐ  is twice 

the atomic hardness. Thus, the total energy for a molecule is a sum of the charging energy 

at each charge site given in equation 1.2 and intramolecular Coulomb interactions, ὐ ὶ: 

Ὁ В  …Ӷ ὗ В В ὗὗὐ ὶ      Equation 1.3 

where, ὶ  is ὶ  ὶ  and ὐ π  ὐ , and the energy required to change the charges 

from the gas phase values to the aqueous phase values is thus referred to as the polarization 

energy : 
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Ὗ  В  …Ӷ ὗ В В ὗ ὗ ὐ ὶȟ  Ὁ    Equation 1.4 

In equation 1.4 Ὁ  is the gas-phase energy and is determined by minimizing the energy 

with respect to the charges and is subjected to a charge conservation constraint. The FQ 

model has been implemented in the Universal Force Field (UFF) developed by Rappe et 

al.,68 force fields developed by Berne, Friesner, and co-workers,47, 48, 69 and in the 

CHARMM fluctuating charge force field.70, 71 However, the FQ model cannot describe the 

out-of-plane polarization directly for planar systems such as water and conjugated 

molecules, and the polarization of monoatomic ions. Such effects can be represented in the 

model by addition of virtual sites,72 although such an implementation makes the systems 

computationally more expensive.69 

1.3.2 Induced Dipole Model 

The induced dipole model of representing molecular polarizability, uses the induced dipole 

moment (‘) at an atom i, to directly derive its atomic polarizability ‌ and the electrostatic 

field Ὁ acting on it: 

‘  ‌ȢὉ         Equation 1.5 

In equation 1.6 the electrostatic field Ὁ is a sum of the contributions of the electrostatic 

field due to the permanent atomic charge (Ὁ ), and the electrostatic field due to the other 

induced dipoles, Ὁ  : 

Ὁ  Ὁ  Ὁ         Equation 1.6 

The potential energy of polarization, Ὗ , is calculated using : 

Ὗ  ‘Ὁ         Equation 1.7 
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where the electrostatic energy of the system is calculated from charge-charge, charge-

dipole, and dipole-dipole interactions.  

AMOEBA50, 52 is the most notable example of a polarizable force field based on the 

induced dipole model which also includes multipoles for the treatment of electrostatic 

interactions, while AMBER51 and OPLS/PFF73-75 also use this approach. Other than these, 

other implementations are the force fields by Berne, Friesner and coworkers.73, 76  

Induced dipoles are typically calculated using the iterative Self Consistent Field 

(SCF) method,77 thus making the process computationally expensive. Over the years, 

concerted efforts have found alternatives to the iterative SCF approach, such as the 

iAMOEBA (in-expensive AMOEBA) classical polarizable water model that directly 

approximates polarizability by deriving the induced dipole moments from the permanent 

multipole electric field.63 Another approach was the iEL/SCF (inertial Extended 

Lagrangian/SCF)78 approach proposed by Albaugh et. al which defined a set of auxiliary 

induced dipoles which served as the initial guess to an SCF solution of the real induced 

dipoles. Such an approach still required SCF and did not fully eliminate the slowdown of 

the simulation. Albaugh et. al further improved their own approach through  

iEL/0-SCF,79 by allowing the auxiliary induced dipole to navigate the time evolution of the 

real induced dipole, still staying close to the Born-Oppenheimer surface. This approach 

hence eliminated the role of SCF altogether, thereby improving speed of the simulations 

and overcoming its biggest limitation while still enhancing the accuracy of the FF. 

Furthermore, recent efforts have also been made to improvise on speed, by combining the 

iEL/0-SCF approach with a stochastic integration approach that allows for a longer MD 

time-step.80 
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1.3.3 Drude Oscillator Model 

Drude Oscillator Model is an intuitive implementation for handling electronic 

polarization wherein electronic distribution is represented by a virtual particle possessing 

a negative charge, attached to the heavy atoms via a harmonic spring. This virtual particle 

is termed as the Drude particle or oscillator. Figure 1.1 represents the use of Drude particles 

to treat electronic polarization in a model C-O bond. The figure depicts the Drude particles 

attached via a harmonic spring to the carbon atom (golden sphere) and oxygen atom (red 

sphere), where d is the distance between the Drude oscillator from the nucleus of the 

individual atoms. Oxygen atom (red sphere) also has virtual óLone pairô sites, along with 

the Drude particle. The faded regions around both the atomic spheres represent the 

anisotropic distribution of the charge clouds around the atoms, their Drude particles and 

the lone pair sites. 

Figure 1.1: Schematic diagram of the classical Drude Oscillator Model of a C-O bond. 

In the Drude FF, atomic polarizability is defined as depicted in equation 1.8. 
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‌            Equation 1.8 

where Ὧ  is the isotropic force constant of the Drude-atom harmonic bond and ή is the 

charge of the Drude particle. The displacement of the Drude particle from the nucleus, d : 

Ὠ  
Ͻ

         Equation 1.9 

where d is proportional to the electric field E, yielding the electronic response to the 

environment as described in equation 1.9. The electronic polarization component of the 

systemôs potential energy also includes a harmonic self-polarization term, Uself., calculated 

based on the harmonic bond energy between the Drude-particles and their host atoms : 

Ὗ Ὠ  ὯὨ        Equation 1.10 

Atomic polarizability can also be anisotropic, allowing for differential deformation of the 

Drude particle in the three spatial dimensions in the local frame of the atom. The present 

form of the Drude oscillator based polarizable force field includes such anisotropic 

polarizability where the isotropic force constant Ὧ is expanded to an anisotropic tensor, 

K(D). In such a representation of the anisotropic polarization, Uself is calculated as: 

Ὗ ὑ Ὠ  ὑ Ὠ  ὑ Ὠ     Equation 1.11 

where, d1, d2 and d3 represent the coordinates of the Drude-atom displacement vector d in 

the three dimensions as described by a local, molecular reference frame. Anisotropic 

polarization was first introduced in the Drude-2013 version of the FF for better treatment 

of the functional groups that act as hydrogen-bond acceptors.81 The atoms which are 

represented by the anisotropic polarizability terms may also be supplemented with virtual 

sites representing their lone pairs (Figure 1.1).  
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Another electrostatic aspect of the Drude FF, which is omitted from additive FFs, is the 

consideration of 1-2 and 1-3 atomic dipole-dipole interactions, where 1-2 pairs represent 

the interaction between the dipoles of two adjacent bonded atoms and 1-3 pairs represent 

the interaction between two terminal atoms separated by an atom sharing the bond with 

atom 1 and atom 3. While considering such interactions improves the depiction of 

molecular dipoles and polarizability,82-86 it could also lead to overlap of the ñelectronic 

clouds,ò potentially leading to a ñpolarization catastrophe.ò Thus, the Drude polarizable 

model also incorporates a screening factor or smearing factor known as the Thole scaling 

factor, 87 as shown in : 

”   Ὡὼὴὥ        Equation 1.12 

The Thole scaling is used to modify the 1-2 and 1-3 dipole-dipole interactions, via 

buffering the interactions associated to the atomic dipole moments defined by the Drude 

particle and the atomic core with the partial atomic charge of the atom removed so the total 

charge of the Drude-atomic core pair is zero.88 In practice, the extent of the Thole scaling 

in specific molecules is optimized to more accurately reproduce QM molecular dipole and 

polarizability tensors. 

 MD simulations with the Drude oscillator model must be performed by allowing 

the Drude oscillators to relax in the context of the surrounding electric field to achieve the 

Born-Oppenheimer approximation. In simple terms, this may be performed minimizing the 

Drude particles with the atomic positions fixed thereby achieving a Self-Consistent Field 

(SCF) condition. However, this is computationally demanding. Alternatively, the Drude 

particles may be treated using an extended Lagrangian approach. This involves assigning 

a separate independent thermostat to the Drude particle, one at a lower temperature than 
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the thermostat associated with the rest of the system. For this purpose, dual-thermostats 

such as the dual-Nose-Hoover thermostat,44 or dual-Langevin Dynamics thermostat,89 are 

used. Recently, temperature-grouped thermostat was also introduced to allow a better 

control on the distribution of the energy among the local degrees of freedom.90  

The induced dipole and the Drude oscillator models are similar in that the finite 

differences in the charges of the Drude particle to that of its parent atomic core is essentially 

a representation of an induced dipole. This is true in the limit of an infinitely high force 

constant on the Drude-parent spring in equation 1.8. However, the use of a finite value for 

kD, 500 kcal/mol/Å2 as the default value, allows for displacement of the Drude from the 

atomic core by approximately 0.1 ¡. Such displacement allows the ñstericò effects of 

distortion of the electron distribution to be included in the Drude force field via inclusion 

of Lennard-Jones parameters on the Drude particles. This has been used to yield improve 

treatment of Mg2+ ions and halogens in the Drude force field.54, 86, 91, 92 In addition, as 

mentioned above, the Drude oscillator model also utilizes virtual lone pair sites on selected 

heteroatoms representative of hydrogen bond acceptors, yielding a more accurate treatment 

of interactions with the environment, especially that of hydrogen bonds, as a function of 

orientation. Such off-centered location of charges implicitly represents multipoles. In 

addition, the charges may be anisotropic where the charges on two lone pairs of, for 

example, a carbonyl oxygen differ and LJ parameters may be assigned to lone pairs creating 

an anisotropic vdW surface of an atom, an approach that has been used to improve the 

treatment of cation-pi interactions.86, 92-95  

Huang et. al (2017) showed that the Drude and induced dipole models are essentially 

equivalent with the respect to the treatment of electrostatics. This was performed by 
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converting the Drude oscillator formalism into a permanent multipole induced dipole 

(MPID) formalism.96 In the MPID model the induced dipoles are treated using Perturbation 

Theory, 97 while the multipoles are addressed using the concepts of spherical harmonics.98 

This leads to improve computational efficiency although the model is still computationally 

more demanding than the Drude model in MD simulations using the extended Lagrangian 

approach. 

1.4 Optimization of Non-bonded Parameters in the Drude Force Field 

1.4.1 Electrostatic Parameters 

Assignment and optimization of the electrostatic parameters is a fundamental step 

in the development of a force field. In the Drude Polarizable FF, this involves calculation 

of the partial atomic charges, the atomic polarizabilities (Ŭ) and the Thole scale factor, with 

the latter two described in equations 1.8 and 1.12. Anisimov et. al (2005) implemented an 

approach to determine the partial atomic charges and polarizabilities by a restrained fitting 

approach applied to a series of QM electrostatic potentials (ESP), which was initially 

applied to a set of nucleic acid bases.99 The ESP calculations were performed at the 

B3LYP/cc-pVDZ or B3LYP/aug-cc-pVDZ model chemistry and the fitted electrostatic 

properties were shown to reproduce gas-phase molecular dipole moments and 

polarizabilities. Later, Harder et. al (2006) introduced the anisotropic polarization term on 

hydrogen bond acceptors (equation 1.11), accounting for asymmetric distortion of 

electronic distribution around atoms in addition to the use of lone pairs to mimic local 

multipoles.81 Restrained Electrostatic Surface Potential (RESP)40 charges and 

polarizabilities in conjunction with optimization of the Thole scale factors 87 have hence 

been used in the Drude FF to successfully reproduce the gas-phase molecular dipole 
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moments and their vectors, total molecular polarizability and its tensors, along with 

reproduction of the condensed phase properties of the model compounds in conjunction 

with the fitting of the LJ parameters.81, 86, 88, 100-103 

The first effort towards the automated prediction of the electrostatic parameters in 

the Drude FF was undertaken by Heid et al through a machine learning approach (2019).104 

In that study they tested both a multilayer perceptron neural network and a bond-charge 

increment scheme for the prediction of the partial atomic charges and atomic 

polarizabilities for molecules. The models were trained on QM derived RESP charges and 

atomic polarizabilities of ~10,000 drug-like compounds from the ZINC105 database. Atom-

type information was used in conjunction with atomic connectivities as the input feature 

vectors for model development. Although the performance of the trained neural network 

on the validation sets was exceptional, it did not address certain key features of the 

electrostatic parameters of Drude Polarizable FF. For example, the model was trained on 

CHARMM additive FF atom types ï given that the atom typer for the Drude General Force 

Field (DGenFF) was still under development. Additionally, it did not address the location 

of virtual lone-pair sites and a default value of 1.3 was used for the all the Thole scale 

factors. While an atomic Thole scale factor of 1.3 was used in the earlier versions of Drude 

FF106 optimization of the Thole terms was subsequently shown to be essential for a better 

representation of the molecular dipole moments and polarizabilities.107, 108 

Kumar et al. (2022) recently addressed the limitations of the Heid approach by 

developing a Deep Neural Network (DNN) based model for the prediction of the partial 

atomic charges, atomic polarizabilities, and the Thole scale factors. This involved the 

development of individual DNNs for each type of electrostatic parameters. The models 
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were trained on ~40,000 neutral and charged fragment-like molecules. The input atomic 

charges and polarizabilities were derived similar to Heid et al.ôs work, with the key 

difference being the inclusion of virtual lone-pair sites. In addition, the Thole scale factors, 

for which there is no QM analog, were derived for the training set compounds by 

optimizing them to reproduce the QM molecular dipoles and polarizabilities obtained with 

MP2/Sadlej model chemistry. Additionally, this model used Drude atom types assigned by 

the in-house adaptation of the CGenFF rules file to generate Drude general force field atom 

types using the CGenFF program. In addition to the reported validation and its exceptional 

performance on a wide range of neutral and charged compounds, the model has since been 

utilized by our lab, for the optimization of the electrostatic parameters for a wide variety 

of chemical functionalities.109 Thus, the development of the DNN models to automatically 

generate electrostatic parameters can be considered as a major stepping stone towards the 

development of the DGenFF as well as allowing us to undertake a high-throughput 

optimization of a large number of compounds. 

1.4.2 Lennard-Jones Parameters 

Development of the DGenFF requires a systematic extension to include a full range of 

chemical functionalities. These include cyclic alkanes, terminal and conjugated alkenes, 

alkynes, nitriles, amines, nitro-benzyl species, bipyrroles, biphenyl ring compounds, fused 

bicyclic ring compounds, certain heteroaromatic species, and thiophenes beyond those 

present in biological macromolecules. This requires the optimization of the Lennard-Jones 

parameters, the well depth ‐ and the distance between the two non-bonded atoms i and j 

Ὑ ȟ
  when the LJ potential energy surface reaches its minimum. The Lennard-Jones 6-

12 form : 
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Ὗ  В ‐ ȟ ς ȟ
    Equation 1.13 

The LJ formalism represented by the 6-12 term in Drude FF, is used to represent both short-

range repulsive interactions associated with the Pauli exclusion principal and favorable 

interactions associated with London dispersion forces. The LJ parameters ‐ and Ὑ ȟ
  

are obtained from the individual parameters, ‐ and Ὑ ȟ for atom type i and ‐ and Ὑ ȟ 

for atom type j through combining rules, with the Lorentz-Berthelot rules110 used with the 

CHARMM and Drude FFs. The individual parameters ‐ and Ὑ ȟ are optimized based 

on the experimental thermodynamic properties of multiple small molecules sharing the 

target chemical functionality and atom types. The experimental thermodynamic properties 

typically used for the optimization of the LJ parameters include enthalpy of vaporization, 

æHvap, enthalpy of sublimation, æHsub, molecular volume, Vm, dielectric constant, 

isothermal compressibility, viscosity, etc. The following sections will describe the 

historical developments in the LJ optimization methodology in CHARMM and the 

challenges associated with the process.  

1.4.2.1 Lennard-Jones Parametrization Strategies in CHARMM History and 

Developments 

The development of the LJ parameters for empirical force fields is generally based on two 

types of strategies ï a. reproducing the experimental pure solvent/crystal properties111-116 

of model compounds or b. using ab initio interaction geometries and energies114, 117-119 as 

the target data, or a combination of both.120-122 The general strategy in the CHARMM 

related force fields is to use a combination of both; experimental condensed phase, and ab 

initio interactions with rare gas elements.  
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Earliest optimization of LJ parameters for the additive CHARMM FF utilized only 

experimental thermodynamic properties such as enthalpy of vaporization and molecular 

volume .112 One such previous work optimizing the LJ parameters of ethane depicted that 

distinct sets of LJ parameters could yield similar and satisfactory reproduction of the 

experimental properties.13, 123 This was indicative of the parameter correlation problem,124, 

125 where the LJ parameters ‐ and Ὑ ȟ of same or different atoms compensates for the 

extremities in each otherôs magnitudes to still well reproduce the experimental 

properties.123 On the other hand, use of only comparative ab initio values as the target data 

for the optimization of LJ parameters have yielded suboptimal reproduction of the 

experimental thermodynamic properties.119 To overcome such a dilemma, on the choice of 

the target data for optimization of the LJ parameters, Yin and MacKerell (1998) devised 

an iterative two-step approach, including ï first, the selection of the range of parameters 

using the ab initio interaction energies and distances with rare-gas elements ï He and Ne, 

followed by the empirical calculation of condensed phase properties of the model 

compounds.121 Additional validation step in this method included calculation of the 

solvation free energy of the compounds. Overall, the properties of the model alkane 

compounds were reproduced with an accuracy within 2% of the experimental data, thus 

confirming the overall quality of the LJ parameters optimized by the approach. This 

approach has since been utilized for the optimization of the LJ parameters, yielding 

parameters that satisfactorily reproduces the experimental thermodynamic properties.82, 106, 

120, 122 After this, Chen, Yin and MacKerell (2002) extended the application of the approach 

to polar neutral compounds again including hydration free energy as an additional 

quantitative property for validation.122 The quality of the LJ parameters so optimized were 
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reproduced within 1% of the experimental condensed phase properties including the 

enthalpy of vaporization, molecular volume and hydration free energy. This method has 

since been successfully utilized to develop parameters for both additive CHARMM and 

polarizable Drude FFs.22, 86, 92, 100, 126 127 

1.4.2.2 Challenges associated with the development of Lennard-Jones Parameters in 

Empirical Force Fields 

An important feature of an empirical force field is the transferability of the parameters to 

new molecules not in the original training set. Accordingly, the optimization of the LJ 

parameters must be based on not one but multiple model compounds, representative of a 

wide range of possible chemical connectivity, sharing the same functional group in order 

to maximize the transferability. As the optimization is based on multiple model 

compounds, the optimized parameters must be able to reproduce experimental properties 

of all such compounds. Such an approach makes the optimization a multi-variable ( ‐ and 

Ὑ ȟ) and multi-objective (æHvap, æHsub, Vm, etc.) problem. The dimensionality of this 

problem exponentially increases with the addition of multiple atom-types the comprise the 

same functional group, making it increasingly important to scan a wide range of LJ 

parameters in order to locate the global optimum. Scanning a wide range of LJ parameters 

would mean a high computational cost, thus making a high throughput optimization for the 

expansion of FF extremely expensive and tedious.  

Such sampling challenges can be overcome by using systematic statistical methods 

of sampling that can deal with the high dimensionality of the LJ parameter space. Examples 

of some sampling methods that can achieve this are Monte Carlo sampling128, Quasi-Monte 

Carlo sampling,129 Hammersley Sequence Sampling,130 Sobolô sequences,131 and Latin 
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Hypercube sampling.132 Ideally the use of such sampling methods allow sampling from the 

multidimensional LJ space, such that the overall distribution of the space is captured via a 

limited number of sets, thereby overcoming the challenge of computational expense.  

However, such sampling approaches alone cannot overcome the challenge of finding the 

global optimum such that the same set of LJ parameters are suitable for a wide range of 

compounds. To achieve this, Machine Learning approaches are often used along with 

sampling methods such as mentioned above, for the development of empirical force 

fields.133, 134 With the utilization of such statistical and machine learning methods, a rapid 

and high-throughput optimization of the LJ parameters can be undertaken, such that 

multiple chemical functionalities and atom types may be optimized together, still retaining 

the quality that is sought in FF development.  

1.5 Current  Status of Drude Polarizable Force Field 

1.5.1 Drude Biomolecular Force Field 

At present the Drude Polarizable Force Field encompasses a wide range of biological 

macromolecules including proteins,46, 107, 135-137 nucleic acids,82, 91, 108, 138-140 selected 

lipids,141, 142 and selected carbohydrates.127, 143-146 The optimization of biomolecular FF 

parameters generally follows the optimization strategy for the additive CHARMM force 

field with variations for the treatment of polarizability as described in earlier sections. 

Accordingly, the optimization of the biomolecular parameters is undertaken by using 

representative model compounds. For example, optimization of the Drude FF parameters 

for amide bonds was performed using N-methyl acetamide (NMA) and N,N-

dimethylacetamide,88 while imidazole (neutral) and imidazolium (protonated) analogs 

were used to model parameters for neutral and charged histidine, respectively.102 The 
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resulting parameters are then transferred to the corresponding macromolecules and 

subjected to additional optimization targeting a range of target data on the larger molecules. 

While this approach has led to well-developed biomolecular parameters in the Drude FF, 

continued studies involving the application of these parameters to physically different 

environments challenge the FF 53-60 leading to the identification of limitations requiring 

additional improvements in the model. This effort, which has involved over 20 years, has 

led to the creation of 160 atom types in Drude biomolecular FF, of which there are 54 are 

carbon, 25 are oxygen, 19 are nitrogen, 23 are hydrogens, while the rest include halogens 

such as F, Cl, Br, I and monoatomic ions such as Na+, K+, Mg2+, and Ca2+. 

1.5.2 Drude General Force Field (DGenFF) 

At present, the Drude FF has a limited set of organic functionalities including alkanes100 

alkenes,142 alcohols,126 ethers,22 aromatics,101 N-containing aromatic heterocyclics,102 

amides,88 sulfur containing compounds103 and halogenated aliphatic and aromatic 

compounds.86, 92 These are based on a total of 142 organic small molecules, mostly selected 

as model compounds for Drude biomolecular FF. Given the vastness of chemical space 

these functionalities do not completely represent the chemical space relevant to organic 

drug-like molecules. Thus, to expand the representation of all relevant chemical 

functionalities in the Drude FF, the FF should be extended to include cyclic alkanes, 

terminal and conjugated alkenes, alkynes, nitriles, amines, nitro-benzyl species, bipyrroles, 

biphenyl ring compounds, fused bicyclic ring compounds, certain heteroaromatic species, 

thiophenes as well as others. Such a comprehensive FF based on a larger range small 

molecules would represent the general FF for the Drude model; the Drude General FF 

(DGenFF) relevant to drug and material design. To date, important steps towards DGenFF 
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have been made including development of CGenFF programôs atom-typing rules to allow 

assignment of the DGenFF atom-types and work towards prediction of the electrostatic 

parameters.104, 147 Work presented in this thesis significantly extends those efforts through 

the development of an improved method for Lennard-Jones parameter optimization and its 

application to additional chemical functionalities, part of which was recently published.109 

1.5.2.1 Adaptation of the CGenFF atom-typing rules for  DGenFF 

Automated identification of the atom types is a fundamental step towards the development 

of DGenFF. Correct identification of the atom types allows further assignment of the 

electrostatic and bonded parameters. To avoid user-based errors as well as allow for rapid 

generation of topologies and parameters for new molecules, the use of an automated 

process for identification and assignment of the parameters is indispensable. CGenFF 

program27, 28 has been used for the CHARMM additive force field to (i) assign atom types 

based on chemical nature and connectivity of atoms, (ii ) identify related existing 

parameters based on analogy to known atom types and connectivity and (iii ) assignment of 

penalties to new parameters based on analogy to the known parameters. To generalize the 

CGenFF program it was designed to read a rules file that allowed for continual expansion 

and refinement of the atom types in CGenFF. Notably, this capability allowed for the 

CGenFF rules file to readily be adapted to perform atom typing for DGenFF.  

As DGenFF represent a new force field it was assigned a completely unique set of 

atom types indicate by the letter Q after the first letters indicative of the element. Moreover, 

given the functional differences introduced by inclusion of the explicit polarization, the 

variety of atom types belonging to the same model compounds within the two FFs can be 

different. To meet these issues a rules file for the DGenFF were thus adapted from the 
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CGenFF rules file. New rules were introduced for 20 different atom types requiring more 

specific treatment in DGenFF, while 53 different atom rules were directly transferred from 

CGenFF to DGenFF. The new rules were subjected to a systematic testing to validate their 

ability to differentiate specific types from the more generic atom types. The adapted rules 

file has since been utilized for the preparation of molecules required for the expansion of 

DGenFF. This included the atom typing of over ~40,000 drug-like compounds from the 

ZINC database,105 and FDA drug database,148 during the development of the DNN based 

model for the prediction of the electrostatic parameters.147 

1.6 Force Field Parametrization Tools for Drude Force Field 

The process of optimization of FFs is an iterative and tedious process, thus also demanding 

a high degree of human input. Accuracy is the major focus of FF development, where the 

overall goal is to optimize molecules so that their physical behavior is accurately captured 

in the condensed phase. The optimization strategy of Drude FF is similar to the 

optimization strategy in additive CHARMM FFs, where the electrostatic parameters are 

optimized based on the QM molecular dipole moment, component dipole moment vectors, 

QM molecular polarizability, its component polarizability tensors and QM based water 

interactions, while the bonded parameters are optimized to reproduce the QM potential 

energy surface of the bonds, angles, dihedral and improper angles. The quality of the 

bonded parameters is also tested by comparing the QM molecular vibrational spectra with 

that in MM. Finally, the overall quality of the optimized parameters is validated using 

experimental thermodynamic properties such as enthalpy of vaporization, enthalpy of 

sublimation, molecular volume, dielectric constant and hydration free energy. To facilitate 

the parametrization of small molecules several FF optimization tool kits have been 
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developed. The most used examples of parametrization tools that may be used for the 

optimization of CHARMM FFs include the General automated atomic model 

parameterization (GAAMP),30 Force Field Toolkit (ffTk),29, 149 and the FFParam.31 Of 

these GAAMP and FFParam are also applicable to optimization of parameters for the 

Drude polarizable force field, including the associated electrostatic parameters. 

1.6.1 General automated atomic model parameterization (GAAMP) 

GAAMP is a server-based parametrization tool that allows optimization of both 

CHARMM and AMBER additive and polarizable FFs. The electrostatic parameters, the 

charges, polarizabilities and Thole screening factors are obtained based on QM 

electrostatic potential (ESP). The obtained parameters are optimized using water 

interaction energies (if applicable) at a level of chemistry as applicable for the respective 

FF. The bonded parameters are generated automatically, based on analogy to parameters 

present in the given FF and the soft dihedrals optimized by targeting the QM potential 

energy surface scans. While this server could be utilized for a high throughput optimization 

of Drude polarizable FF parameters, changes in the optimization strategy of Drude FF, 

derivation of RESP based charges and polarizabilities has not yet been implemented in the 

server. In addition, the explicit inclusion of computationally demanding QM calculations 

as part of the workflow can lead to excessively long run times. 

1.6.2 Force Field Toolkit (ffTk)  

Another tool developed as a plugin for the Visual Molecular Dynamics (VMD) program is 

the Force Field Toolkit (ffTk) .29, 149 It is a graphical user interface (GUI) based set of tools 

that help in the optimization of parameters compatible with the CHARMM Force Field. 

The toolkit follows standard parametrization philosophies in CHARMM and avails 
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functionalities such as finding missing parameters, geometry optimization, water 

interactions, bond, angle and dihedral optimization, and Hessian calculation for vibrational 

analysis. The GUI of this tool allows users to create both QM and MM input files and 

compare the two for optimization of FF parameters. Although ffTk in principle could be 

utilized for the optimization of Drude FF parameters, the automated determination of 

parameters for the Drude FF is not yet available. Furthermore, this tool can only generate 

inputs and read outputs from the Gaussian QM package150 and lacks the resolution of 

identity/density fitting MP2 methods that allow for more efficient calculations, especially 

those with higher level chemistry such as MP2/cc-pVQZ and MP2/aug-cc-pVDZ. Another 

feature that limits the use of this tool for a high throughput parameter optimization is that 

this tool only provides a GUI based approach, which does not allow for simultaneous 

optimization of multiple molecules. 

1.6.3 FFParam 

Another toolkit developed recently that allows a high throughput optimization of 

CHARMM additive and Drude FF parameters is a python-based package FFParam.31 

Although the released version of the package offers a GUI, an in-house Linux-based 

command line version is under testing at our lab. This package offers similar advantages 

as ffTk including automated generation of the QM inputs, extraction of data from the QM 

outputs, generation and extraction of data from the MM inputs and outputs. Additional 

features of FFParam include the ability to connect, submit and extract jobs to and from a 

remote server along with the capability to use the python-based QM package Psi4.151-153 

While the ability to connect to a remote server allows the user to submit numerous jobs at 

once, the inclusion of Psi4 allows for efficient QM calculations associated with the 
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inclusion resolution of identity/density fitting MP2 and other electron correlation methods. 

All functionalities available in the GUI of FFParam are also available in the Linux-based 

command line version, thereby allowing the ease of setting up optimization of multiple 

molecules on a server. The availability of the wide range of features in the FFParam 

package thus makes it ideal for the optimization of a large number of compounds in both 

additive and Drude FF. Accordingly, this program was used to facilitate the parameter 

optimization studies in this thesis. 

1.7 Scope of Empirical Force Field Development in this Thesis 

 

While the present form of Drude FF is well-developed for biomolecules such as proteins, 

nucleic acids, lipids and carbohydrates, the small molecule FF of Drude has a limited set 

of chemical functionalities. To expand the FF, we must go through a full -scale optimization 

of sets of molecules associated with the missing chemical functionalities including 

performing the LJ optimization of their related atom types. However, development of 

empirical FFs is a tedious process requiring human intervention and judgement. To 

minimize the requirement for human input empirical FF developers have initiated the 

utilization of statistical and Artificial Intelligence (AI)/Machine Learning (ML) based 

methods over the past decade.154-157 Such methods include supervised i.e. training based 

using ab initio QM data,154, 158-160 or experimental observables66, 133, 155, 161 as target data or 

unsupervised using gradient based fitting of the target function.162, 163 164, 165 

Examples of the use of advanced statistical and machine learning approaches include 

optimization of charges for protein158 and general force field parameters159, 166 of AMBER, 

LJ parameters of hydrofluorocarbon and ammonium perchlorate134 in AMBER, bonded 

parameters160, 162, 163 in AMBER, electrostatic and LJ parameters in AMOEBA 154, 
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electrostatic and vDW parameters 161 in GROMOS, overall force field optimization of 

OpenFF167 and electrostatic,104, 147 LJ,115, 116 and bonded,164, 165 parameters in CHARMM 

additive and Drude polarizable FF. The application of such advanced methods of 

optimization of empirical FF represents significant steps toward overcoming the greatest 

limitation of FF optimization, tediousness while also enhancing model accuracy.  

Expansion of the range of small molecules that may be accurately treated by the Drude 

polarizable FF requires accurate LJ parameters for a wider range of chemical functional 

groups that occur in organic molecule. Given the ñcurse of dimensionalityò associated with 

the optimization of the LJ parameters in this work we apply statistical and ML methods to 

achieve a more accurate, high throughput approach to expand the coverage of DGenFF. 

The aim of the research work performed through this dissertation involved the 

implementation and utilization of such advanced statistical and ML algorithms to develop 

a high throughput method of LJ parameter optimization for the Drude FF. In line with the 

earlier methods of LJ optimization in CHARMM FFs this method uses condensed phase 

properties such as heat of vaporization, heat of sublimation and molecular volume as the 

target data combined with QM ab initio interactions of the model compounds with rare-gas 

element for the quantitative selection of final parameters (Chapter 2). Interestingly, as such 

an approach allows for condensed phase properties of large numbers of parameter sets to 

be estimated, we used the data to better understand the parameter correlation problem 

inherent in force field optimization (Chapter 3). The validated approach is then applied to 

an additional functional group thereby further extending the coverage of DGenFF (Chapter 

4). A brief summary and possible future directions in FF development are present in the 

final section of the thesis (Chapter 5). 
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Chapter 2: Harnessing Deep Learning for Optimization of 

Lennard-Jones Parameters for the Polarizable Classical Drude 

Oscillator Force Field1 

2.1 Introduction  

 Molecular simulations have become indispensable in the biological and physical sciences, 

including their utilization in computer aided drug design (CADD). Rapid growth in 

computational power and increased efficiency of computational algorithms have allowed 

for simulations on biologically relevant timescales, extending up to milliseconds.7 

Improved computational efficiency has made it possible to address challenging problems 

in computational chemistry, such as accurately calculating ligand-binding affinities,168, 169 

the use of long timescale MD simulations and utilizing enhanced sampling methods to 

study complex conformational landscapes.170-173 Central to the success of molecular 

dynamics (MD) simulations and related methods is the quality of the underlying force field 

(FF), dictating its ability to capture physically relevant observations in silico. Additive FFs 

are the current, widely used form of FFs, characterized by fixed point charges on each atom 

and other particles in the system. Examples of commonly used FFs in biomolecular systems 

are CHARMM,8 AMBER,9 GROMOS,10 and OPLS-AA.11 Although additive FFs have 

been successfully utilized for decades, the fixed charge nature of such FFs limit their ability 

to respond to dynamic changes of the electronic field of the environment.174, 175  

1Reprinted with permission from J. Chem. Theory Comput. 2022, 18, 4, 2388ï2407. DOI: 

10.1021/acs.jctc.2c00115. Copyright 2022 American Chemical Society. https://pubs-acs-

org.proxy-hs.researchport.umd.edu/doi/full/10.1021/acs.jctc.2c00115 

https://pubs-acs-org.proxy-hs.researchport.umd.edu/doi/full/10.1021/acs.jctc.2c00115
https://pubs-acs-org.proxy-hs.researchport.umd.edu/doi/full/10.1021/acs.jctc.2c00115
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Polarizable FFs overcome this limitation by including the explicit treatment of electronic 

polarizability. Such FFs may be based on different models, including the classical Drude 

oscillator,44-46, 176-178 fluctuating charge,48, 71, 179-188 and induced dipole,49, 52, 189-192 

approaches. CHARMMôs polarizable FF based on the classical Drude oscillator model has 

shown to be an efficient tool for capturing electrostatic interactions in a more accurate 

fashion.54, 58, 137, 141, 193-197 For example, polarizable FFs like the Drude FF and AMOEBA198 

were found to improve accuracy in protein structure refinement, protein folding and 

simulations of intrinsically disordered proteins.58 Polarizable FFs have also shown unique 

results in studies of nucleic acids, including base flipping,53 conformational sensitivity to 

ion type,54 ion distributions around duplexes57 and improved modeling of RNA hairpins.55, 

56 Another recent study that compared five different force fields including Drude2017 on 

G-quadruplexes found Drude2017 achieved a high level of accuracy when evaluated 

against both quantum mechanical and experimental data.196 

The CHARMM Drude FF currently covers proteins, nucleic acids, lipids, carbohydrates, 

atomic ions, and a limited set of small molecules representative of those classes of 

molecules as well as additional species common to drug-like molecules. These include 

selected alkanes,100 alkenes,142 alcohols,126 ethers,22 aromatics,101 N-containing aromatic 

heterocyclics,102 amides,88 sulfur containing compounds,103 and halogenated aliphatic and 

aromatic compounds.86, 92 However, this represents a limited range of chemical functional 

groups when considering broader chemical spaces, requiring significant extensions of the 

coverage of the FF. Examples in the context of drug-like chemical space include the full 

range of cyclic alkanes and heteroaromatic species, terminal and conjugated alkenes, 
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alkynes, nitriles, amines, nitro-benzyl species, bipyrroles, biphenyl ring compounds, fused 

bicyclic ring compounds, thiophenes and so on.  

Introduction of additional functional groups in the CHARMM-based FF approach 

involves consideration of the chemical connectivity of atoms and the associated atom types. 

The use of atom types versus typing based on, for example element and hybridization, 

allows for additional control of the accuracy of the force field with respect to both bonded 

and nonbonded parameters. Concerning the non-bonded terms, atom types differ in their 

Lennard-Jones (LJ) parameters, the formalism used to represent repulsion associated with 

Pauliôs exclusion based on short-range repulsive forces between electrons with the same 

spin orientation and the attractive van der Waals intermolecular interactions associated 

London dispersion forces in the Drude FF. The LJ potential energy term as included in the 

Drude potential energy form: 

Ὗ  В ‐ ȟ ς ȟ
                                 Equation 2.1 

 

In equation 2.1, ‐ is the LJ well depth, ὶ is the distance between two atoms, and Ὑ ȟ
  

is the distance between the two atoms i and j when the LJ potential energy surface reaches 

its minimum.  

The LJ parameters ‐ and Ὑ ȟ
  are obtained from the individual parameters, ‐ 

and Ὑ ȟ for atom type i and ‐ and Ὑ ȟ for atom type j through combining rules, with 

the Lorentz-Berthelot rules used with the CHARMM FFs.110 The individual parameters, ‐ 

and Ὑ ȟ are typically optimized using a set of multiple molecules sharing similar 
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functional groups and the associated atom types.115, 120-122 Target data for the optimization 

is typically based on the experimental neat liquid or solid properties such as enthalpy of 

vaporization, æHvap, enthalpy of sublimation, æHsub, molecular volume, Vm, dielectric 

constant, isothermal compressibility, viscosity, etc. of the model compounds considered 

for optimization. Additional target or validation data may include experimental hydration 

free energies and quantum mechanical (QM) interactions between the model compounds 

with water, rare gases or other model compounds. Performing the optimization over 

multiple molecules sharing a common functional group maximizes the transferability of 

the LJ parameters in the context of wider chemical space occurring in more complex 

molecules. Tuning of the LJ parameters is the most challenging aspect of FF optimization 

as ‐ and Ὑ ȟ
  do not only include contributions from the r6 and r12 term in equation 2.1, 

but also include contributions from limitations in the electrostatic terms as well as other 

order terms that contribute to intermolecular interactions not directly included in the energy 

function. In addition, there is the problem of parameter correlation, where multiple 

combinations of parameters can similarly reproduce a collection of target data.121, 122 These 

challenges are combined with simultaneously reproducing the experimental condensed 

phase properties of multiple molecules ideally requiring that the optimized LJ parameters 

belong to the global minimum of the LJ parameter space. Accordingly, optimization of ‐ 

and Ὑ ȟ
  for multiple atom types is a multi-variable and multi-objective problem. To 

address this challenge a LJ optimization approach is developed and implemented in the 

present study, building on an approach applied to facilitate optimization of the Reax force 

field (ReaxFF),133 that harnesses the sampling capabilities of an initial design algorithm 

Orthogonal-maximin Latin Hypercube Design (LHD),199 and the predictive abilities of 
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Deep Learning (DL).200 Recently, a similar approach that includes LHD in conjunction 

with Gaussian process regression and Support Vector Machines to optimize LJ parameters 

for hydrofluorocarbons and ammonium perchlorate in the context of the General Amber 

FF,20 has been presented.134 

At first, LHD is utilized to generate LJ parameter sets ‐ and Ὑ ȟ for multiple 

atom types. The sampled parameter sets thus obtained are utilized in MD simulations to 

calculate condensed phase thermodynamic properties, Vm, æHvap and æHsub of the training 

set molecules. These parameter sets form the input features, and the calculated properties 

are utilized as the output labels for building DL models to predict the condensed phase 

properties. The trained model is then used to comprehensively sample the LJ parameters, 

for example, 107 combinations, allowing for prediction of the associated empirical 

condensed phase thermodynamic properties of the training set molecules. The resulting 

data is then sorted using a custom error function to select a subset of LJ parameter sets that 

maximize agreement with the target condensed phase thermodynamic properties. The final, 

optimal LJ parameters are chosen from this subset, based on their ability to reproduce the 

ab initio QM rare-gas interactions with the concerned molecule. The process flow of this 

newly designed approach for optimization of LJ parameters in CHARMM is depicted in 

Scheme 1. 

In this chapter, the developed DL-based high throughput approach for LJ parameter 

optimization is applied to atom types belonging to four different groups. These include the 

non-terminal and terminal alkenes sp2 carbons (CQ2C1A and CQ2C1B) and their 

corresponding hydrogens (HQ2C1A and HQ2C1B), 3 and 4 membered ring carbons 

(CQ3R3A and CQ3R4A) and oxygens (OQ3C3A and OQ3C4A) and nitrile carbon and 



34 

 

nitrogen (CQ1N1 and NQ2C1) atom types. The optimized LJ parameters not only 

reproduce the experimental condensed phase thermodynamic properties Vm, æHvap or æHsub 

for both the training and validation set compounds but also their dielectric constants and 

hydration free energies. The total number of model compounds used for the study are 35, 

of which 17 belong to the training set ï used for optimization of the LJ parameters, while 

the rest 18 belong to the validation set, meant for testing the transferability of the LJ 

parameters.  

2.2 Methods 

2.2.1 Bonded and electrostatic parameter determination 

Prior to LJ parameter optimization, a complete set of FF parameters are required 

for any system. The electrostatic and bonded parameters of the training and validation 

molecules were obtained by following the Drude FF optimization protocol. All ab initio 

calculations were performed using Psi4,151-153 QM package and the molecular mechanical 

and condensed phase MD-based calculations were performed using CHARMM8 and 

NAMD,201 with the latter used for pure-solvent systems only. The electrostatic and bonded 

parameters were optimized using FFParam,31 the recently developed package for FF 

optimization of both the additive CHARMM and Drude FFs. Although, FFParam includes 

a graphical user interface, an in-house alpha command line version of the package was also 

utilized to optimize multiple molecules together.  The molecular geometries of all 

model compounds were optimized using MP2/6-31G(d) model chemistry. The QM 

optimized geometries were used to determine the Drude electrostatic parameters, including 

the partial atomic charges, the atomic polarizabilities (alpha), and the Thole scale factors. 

Alpha values represent isotropic polarizabilities of most atoms with anisotropic 
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polarizabilities applied to selected hydrogen-bond acceptor atoms. Selected hydrogen-

bond acceptor atoms also have virtual lone pair sites implemented to address the 

anisotropic distribution of the charges to optimize interactions with the surrounding 

environment.81 Thole scale factors screen the atomic dipole-dipole interactions between 1-

2 and 1-3 covalently linked atom pairs thereby by optimizing the molecular 

polarizability.106 The partial atomic charges on the atoms and lone pair sites of the molecule 

were derived as recently described.147 The method used an in-house adaptation of the 

Restrained Electrostatic Surface Potential (RESP)40 model available in Psi4 package151 at 

MP2/Sadlej model chemistry. The alpha values were obtained using a parallel 

implementation of the GDMA code by Stone and Misquitta,202, 203 available in Psi4 

combined with the method of Heid et. al,104 for charged species. Since Thole scale factors 

do not have a QM analog, they were determined using a Monte Carlo Simulated Annealing 

(MCSA) algorithm,204 to reproduce QM derived molecular dipole moments and molecular 

polarizability tensors scaled by a factor of 0.85. The electrostatic parameters using the 

above method were further assessed for their ability to reproduce the interaction of 

hydrogen donors and acceptors with water. For this purpose, MM interaction energies of 

selected atoms in the molecules with SWM4-NDP water were compared to QM water 

interaction energies obtained at MP2/cc-pVQZ model chemistry. The QM interaction 

energy was also corrected for basis set superposition error (BSSE) using the counterpoise 

method.205 

The initial bonded parameters were predicted using an in-house adaptation of the 

CHARMM General Force Field (CGenFF) program.27, 28 Selected bond, angle and dihedral 

parameters were then adjusted to optimize the agreement of MM potential energy surfaces 



36 

 

(PES) with the respective QM (MP2/aug-cc-pVDZ) PES. Additionally, bonded parameters 

were optimized to reproduce QM vibrational spectra calculated at the MP2/aug-cc-pVDZ 

model chemistry, where the QM vibrational frequencies were scaled by a factor of 0.9590 

prior to use as target data.206 The QM vibrational frequencies were calculated in the 

Gaussian package,150 while the MM vibrational frequencies were empirically calculated 

using the MOLVIB module in CHARMM.207 

2.2.2 Pure solvent MD simulations 

Neat liquid simulations were performed by preparing a box of 216 solute molecules, 

such that each molecule was equally spaced 6 Å apart in each direction. The initial setup 

of the box was performed in CHARMM using the additive CGenFF force field, where the 

liquid box was heated to their experimental temperatures (Appendix 1) for 100 ps in the 

NVT ensemble, followed by 400 ps NPT equilibration. For both the steps, the CPT leap-

frog integrator with a timestep of 1 fs was used. A smaller time step was used to maintain 

consistency for comparison with the Drude Polarizable Force Field (FF). The equilibrated 

box was then used for a 3 ns additive MD production run using NAMD, where the MD 

parameters were maintained from the previous step in CHARMM. The fully equilibrated 

additive box was then utilized as the starting configuration for the pure solvent calculations 

in the Drude FF. Drude particles were added to the non-hydrogen atoms of the molecules, 

where a mass of 0.4 amu was transferred to the Drude particles from their real atoms. In 

addition, lone pairs were added as required to the hydrogen-bond acceptor atoms. This was 

followed by a steepest-decent (SD) minimization for 200 steps, where all Drude particles 

were allowed to relax while the real atoms were restrained using a harmonic force constant 
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of 106 (kcal/mol)/Å2. This was followed by another round of minimization where all 

particles were allowed to relax using SD for another 500 steps.  

The liquid boxes using the Drude FF were then equilibrated at the experimental 

temperatures (Appendix 1) and 1 atm pressure with a 1 fs timestep, in the NVT ensemble 

for 100 ps, followed by a 400 ps equilibration in the NPT ensemble using CHARMM as 

the MD engine. MD simulations were performed at respective temperatures for each 

molecule and 1 atm pressure, using the Velocity Verlet integrator (VV2) implemented in 

CHARMM. The VV2 integrator approximates the self consistent field (SCF) condition of 

the Drude particles through an extended Lagrangian dual thermostat formalism.44 A 

separate low temperature thermostat (T=1.0 K) was used for the Drude particles to ensure 

that their time course approximates the self-consistent field (SCF) regimen. The 

equilibrated system was then further run from 600 ps to 2 ns depending on the convergence 

using NAMD as the MD engine. In NAMD, the extended Lagrangian dual-thermostat of 

CHARMM is replaced by the dual-stochastic Langevin-thermostat for the treatment of the 

Drude particles.89 The systems were minimized for 1000 steps in NAMD, followed by an 

equilibration when the velocities were reinitialized at their experimental temperatures. The 

calculations of the thermodynamic properties of the molecules were then based on 

condensed phase and gas-phase analysis performed in CHARMM. The molecular volume 

was calculated as the total average box volume divided by 216 for the number of 

monomers, while the enthalpy of vaporization was evaluated by subtracting the average 

potential energy of the monomers in the liquid phase from the average potential energy of 

each monomer in gas phase, adding a thermal correction of RT.208 Two of the 35 molecules 

used in the present study also existed in solid state, namely 2-cyanopyridine (2CYP) ï a 
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training set compound for nitriles and 3-cyanopyridine (3CYP) belonging to validation set 

of the same group. As the compounds are low melting crystalline solids, with a melting 

point at room temperature 298 ï 300 K,209 both liquid and solid-state data were available 

for such compounds. Hence, we calculated both heats of vaporization and sublimation for 

these compounds. The coordinates for both crystals were obtained from the Cambridge 

Structural database 210 and replicated using the CRYSTAL module of CHARMM, such 

that there were 32 molecules for 2CYP and 3CYP crystals. The crystal configurations were 

then energy minimized and initiated for 3 independent simulations, using distinct seed 

numbers for velocity generation. The setup of the Drude systems were identical to those in 

liquid simulations, where each system was simulated for a total of 600 ps, where the first 

100 ps was used as equilibration, while the last 500 ps was used as the production run. For 

the determination of their Vm, both the simulations were performed at 150 K, the same 

temperatures at which the crystallization data was collected by Kubiak et al. (2002),209 

while the ȹHsub were obtained at 298.15 K, as the experimental values were measured at 

that temperature.211 Crystal Vm calculations were based on the total volume of the full cell 

used in the simulations divided by the number of molecules in that cell, 32 in the present 

study. The analysis and evaluation of the final properties were performed in CHARMM 

and identical to the pure solvent calculation illustrated above.  

For all additive and Drude MD simulations the electrostatic interactions were 

treated using the Particle Mesh Ewald (PME) method,212, 213 where a coupling parameter 

of 0.34 and a sixth-order spline were used for mesh-interpolation. The non-bonded pair 

lists were maintained up to 14 Å, with a 10-12 Å real-space cutoff range for the electrostatic 

and Lennard-Jones (LJ) terms, with the LJ interactions truncated with an atom-based forced 
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switch algorithm.214 Long-range corrections,214 to the LJ term was implemented as 

previously described.110, 215 All covalent bonds involving hydrogens were constrained 

using the SHAKE algorithm.216 The Drude hardwall constraint,141 of 0.2 Å was applied 

only while sampling the LJ parameter space meant for the training data for DL. Once the 

final parameters were optimized the hardwall constraint was removed, and the systems 

were run for longer timescales (10-20 ns) as required for the convergence of the dielectric 

constant.  

2.2.3 Hydration free energies  

The hydration free energy (HFE) calculations were performed in CHARMM, using 

Deng and Rouxôs staged implementation217 of alchemical free energy perturbation 

(FEP).123, 218 At first, each individual molecule was solvated in a box of 250 SWM4-NDP 

water molecules and equilibrated for 2 ns in CHARMM, using the condensed phase MD 

protocol as described above. The equilibrated box was then further utilized to calculate the 

HFE, where the HFE denotes the change in the free energy of annihilating the solute in 

vacuum to that in water, with the changes in the free energy computed through the FEP 

method. As described in detail previously92, 219 and applied in multiple studies, 91, 137, 138, 

220, 221 the HFE is decomposed into nonpolar and electrostatic components, where the 

nonpolar component is further decomposed into dispersive and repulsive terms using the 

Weeks, Chandler and Anderson (WCA) method.222 Thus, a coupling parameter was used 

for perturbing each of the three individual components: ɚ for electrostatic (perturbed from 

0 to 1 with an increment of 0.1), staging parameter s for dispersion (varied as 0.0, 0.2, 0.3, 

0.4, 0.5, 0.6, 0.7, 0.8, 0.9, and 1.0) and ɝ for the repulsion term (varied linearly from 0 to 

1, with an increment of 0.1). While perturbing the nonpolar components s and ɝ, all charges 
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of the solute were set to 0, while for the electrostatic component, the states ɚ = 0 and ɚ = 1 

denoted fully discharged and charged compounds, respectively. A 300 ps equilibration and 

1.5 ns to 4.0 ns production was performed for each of the ɚ windows, such that the 

production phase was utilized for calculating the final value. The final reported values for 

the electrostatic contributions were determined using thermodynamic integration (TI),223 

while the nonpolar contribution was determined using the exponential formula with the 

weighted histogram analysis method (WHAM).224 The free energy change was thus a sum 

of the dispersive, repulsive and electrostatic calculation, where a long range correction215 

was included in the dispersion term by taking the difference in the LJ solventīsolute 

interaction energies using cutoff schemes of 12 and 50 Å. Convergence of the HFE values 

was confirmed by calculating one system (compound in a SWM4 or TIP3P water box) in 

triplicate (separate for Drude and additive, respectively) where a similar value for all three 

simulations indicated that the length of the simulation (1.5 to 4 ns) was enough to confirm 

the convergence for all molecules in the group. The reported standard deviation for the 

group was based on these three individual sets of simulations. All other molecules of the 

group were then subjected to a single set of HFE simulation using the same length of 

production run.  

2.2.4 Deep Learning Model Development 

2.2.4.1 Data Preparation  

The training set data for the DL model included the LJ parameters ‐  and Ὑ of the 

targeted atom types for the molecules in each set, as features and the MD calculated pure 

solvent/crystal properties Vm, ȹHvap, or ȹHsub as the outputs or labels. At first, the LJ 

parameters were generated using LHD following which the pure solvent/crystal empirical 
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thermodynamic properties (Vm, ȹHvap, or ȹHsub) were calculated through MD simulations. 

As described above, each molecule in the training set was subjected to three distinct runs 

of pure solvent/crystal MD simulations, starting from three distinct fully equilibrated 

additive boxes where the lengths of the simulations were chosen to obtain convergence of 

the empirical thermodynamic properties for each molecule for the individual groups. To 

reproduce the experimental properties of all the training set models, several iterations of 

LHD parameter generation and pure solvent MD simulations were required in some cases. 

This involved generation of an initial set of LJ parameters and the associated 

thermodynamic properties, which were then compared to experimental. If the experimental 

properties of all training set molecules were not adequately reproduced, a new range of 

parameters were selected, and the process repeated until adequate agreement for all the 

molecules was attained. Once convergence was achieved the LJ parameters and associated 

thermodynamic properties from all such scans were combined to create the training data 

for the DL models.  

2.2.4.2 Hyperparameter Tuning and Deep Learning Model Selection 

A feed-forward Deep Neural Network (DNN) was utilized to develop the DL models based 

on the feature vectors from the LHD generated LJ parameters to the target empirical 

thermodynamic properties. Hyperparameters optimized for the models are listed in Table 

2.1, along with the range of the parameters tested. The hyperparameter tuning was 

implemented using a 5-fold Cross Validation utilizing the grid search method implemented 

in the GridSearchCV library of Scikitlearn,225 and regression model from Keras,226 where 

the metric of the evaluation was ñnegative mean squared errorò. The final hyperparameters 

were then utilized for training the final models, with a learning rate of 0.005, Swish as the 
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activation function, 2 hidden layers with the same number of nodes as the number of output 

thermodynamic properties (Vm and ȹHvap or ȹHsub of each molecule in the training set). 

The number of nodes for each layer was thus 8 for alkenes and 3 and 4 membered ring 

models that had 4 training set molecules each and 12 for nitriles based on 5 molecules with 

two different states for 2-cyanopyridine. Concerning the activation function, both Swish227 

and ReLU (Rectified Linear Unit) were tested using (Mean Absolute Error) MAE and 

Mean Squared Error (MSE) as the criteria. Swish is also a sigmoid activation function like 

ReLU, but unlike ReLU, Swish is smooth and monotonic. Swish has been previously 

shown to it outperform ReLU,227 and application of the two functions in the present study 

during development of the alkene model also showed improved convergence of the error 

metrics over ReLU (Appendix 2).  

Table 2.1: Hyperparameters used for model optimization 

Hyperparameter Range of values Final Hyperparameter 

Number of hidden layers 2,3,4,6,8,10 2 

Number of nodes in each 

layer 
2,4,6,8,10,12,14 

Number of output 

thermodynamic properties 

Learning Rate 0.1,0.05,0.005,0.001 0.005 

Batch Size 2,4,6,8,10 6 

Activation function ReLU, Swish Swish 

 

2.2.4.3 Training and evaluation of the selected DL model 

Individual DL models for Vm and ȹHvap or ȹHsub were developed for all four groups: 

alkenes, 3 membered rings, 4 membered rings, and nitriles. As described above, each 

model was a feed-forward DNN comprised of two hidden, fully connected layers utilizing 

Swish as the activation function to determine the non-linear relationships between the input 
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features ‐ and Ὑ ȟ and output labels (Vm and ȹHvap or ȹHsub ï for each molecule) with 

a linear activation function used for the output layer. The loss function was optimized using 

Adaptive Moment Estimator (Adam),228 due to its adaptive learning rate and its suitability 

to complex parameter space, similar to the one in our data. Early stopping method was used 

to limit the number of epochs and to avoid overfitting of the data, using a patience value 

of 100 to halt the training if no significant error reduction was achieved over 100 epochs.229 

For training, 5-fold cross validation was used with 80% of the data chosen to train the DL 

model and 20% of it was utilized in testing the accuracy of the model, where the correlation 

of the experimental values to the predicted values was evaluated to confirm the 

performance of the model at the end of training. Finally, we emphasize that individual 

DNN models had to be trained for each of the four classes of functional groups optimized 

in the present study. Further performance evaluation of the final models was undertaken 

by extracting 20-25 sets of LJ parameters from the full range of parameters subjected to 

Brute-Force sampling with the DNN predicted properties compared to their empirically 

calculated values from MD simulations.  

2.2.5 Error functions for LJ parameter selection 

2.2.5.1 Error function based on thermodynamic data (▄╡╞╒) 

Using the trained DL models for each functional group class, 10 million sets of 

stochastically selected LJ parameters were sampled. For this purpose, a ñBrute-Force 

search algorithmò,230 also known as ñperebor algorithmò,231 was utilized. The top ~100,000 

sets of LJ parameters were chosen from the 10 million sets generated out of this data by 

first comparing the DNN predicted condensed phase properties to their respective 

experimental values using the error function presented: 
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Ὡ  В ‏ ύ Ў‏  ύЎ      Equation 2.2 

‏ ὠ  ὠ
Ȣ
       Equation 2.3 

Ў‏ ЎὌ  ЎὌ
Ȣ
      Equation 2.4 

In equation 2.2, ‏ denotes the unsigned difference of the respective calculated pure solvent 

property from experimental values as shown in equations 2.3 and 2.4 and ύ  denotes the 

weight used for the property. In equations 2.3 and 2.4, ὠ
Ȣ
 and ЎὌ

Ȣ
are the 

experimental molecular volume and enthalpy of vaporization or sublimation of each 

molecule i, ὠ  and ЎὌ are the calculated molecular volume and enthalpy of 

vaporization or sublimation of the same molecule, where n is the total number of molecules 

in the training set. The weights, ύ  and ύЎ  for the molecular volume and enthalpy 

of vaporization/sublimation, respectively were generated using the Rank Order Centroid 

(ROC) method,232 wherein weights are generated according to the number of attributes or 

variables associated with the decision. To obtain a good set of parameters yielding the least 

possible ‏ for each of the pure-solvent properties, all molecules were ranked equally, 

prioritizing ȹHvap or ȹHsub over Vm. Thus, weights of ύ  = 0.25 and ύЎ = 0.75 were 

used. This error function was used in choosing the best sets from the training data and from 

the Brute-Force based predictions. In equations 2.2 to 2.4 ȹHsub was substituted for ȹHvap 

when the condensed phase was represented by a crystal and its Vm is equivalent to the 

molecular volume in solid state.  
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2.2.5.2 Root Mean Square Fluctuation (RMSF) based on ab-initio  data  

Additional target data included QM rare gas (He and Ne)-model compound distance-based 

interaction potential energy scans (PES) focused on the concerned atom types in the 

molecules. The QM rare gas interaction values were obtained using the BSSE corrected 

MP2/cc-pVQZ model chemistry. Three interaction orientations; in-plane linear (0° from 

plane of target atom), in-plane lateral (90° in-plane of the target atom), and out-of-plane 

(90° out-of-plane of the target atom) were considered for all atom types, except CQ2C1A 

in internal alkenes and CQ1N1 in nitriles, where only one in-plane interaction was possible. 

Both QM and MM calculations were set up to perform distance-based PES, where the rare-

gas-model compound distances were probed ranging from 2.5 Å to 5.0 Å. Comparison of 

the QM and MM interactions focused on the variation of the differences between the 

minimum interaction energies and distances over the different interaction orientations 

between the rare gases and the model compounds, not the absolute QM and MM minimum 

interaction energies and distances. The variance was quantified as the root mean square 

fluctuation (RMSF) of the differences between the MM and QM minimum interaction 

distances and energies, indicated by ŭ and ắ, respectively, over all the model compounds 

and interaction orientations. Determination of the RMSF over all interactions orientations 

and model compounds first involved calculation of the absolute differences between the 

QM and empirical minimum interaction distances and energies as shown: 

‏  Ὀ ȟ  Ὀ ȟ        Equation 2.5 

‐  Ὁȟ  Ὁȟ        Equation 2.6 

In the equations Ὀ ȟ  and Ὀ ȟ  denote the empirical and QM minimum interaction 

distances, respectively, while Ὁȟ  and Ὁȟ  denote the empirical and QM minimum 
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interaction energies, where i represents the model compound-rare gas interacting pairs 

(e.g., Etheneôs Carbon-helium, Etheneôs Hydrogen-neon, etc.), j represents the interaction 

orientations (in plane-linear, in plane-lateral and out-of-plane), and K represents each set 

of LJ parameters. 

The mean differences are then determined over the different interaction orientations j for 

each interacting pair i as denoted : 

ȟ‏  
В

        Equation 2.7 

‐ȟ  
В

        Equation 2.8 

The RMSF about the mean differences of the interaction orientations, j, are then calculated 

for each interacting pair i as shown : 

ȟ‏  
В  ȟ

       Equation 2.9 

‐ȟ  
В  ȟ

       Equation 2.10 

Next, the mean of the RMSF for each LJ parameter set K is calculated by taking the mean 

of the ‏ȟ  and ‐ȟ , respectively, over all interaction pairs per molecule n, is 

calculated as: 

ȟ‏ ͺ  
В ȟ  

       Equation 2.11 

‐ȟ ͺ  
В ȟ  

       Equation 2.12 

The sum of the RMSF of the distances and interaction energies are then calculated for each 

LJ parameter set K for individual molecules n. 
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ὙὓὛὊ ȟ‏  ͺ  + ‐ȟ ͺ      Equation 2.13 

Finally, the overall RMSF of each LJ parameter set is calculated as the mean of ὙὓὛὊ 

for all the model compounds being considered as shown : 

ὙὓὛὊ  
В

        Equation 2.14 

As described previously, the RMSFK error function selects parameter sets that are balanced 

with respect to the relative interactions of the model compounds with the rare gases while 

allowing the MM energies and distances to be offset from the QM values. 120-122  

2.2.6 Selection of the final LJ parameters 

To choose the best set of LJ parameters from the top sets selected by the Brute-

Force algorithm, rare-gas based RMSF along with a low Ὡ  was utilized. Step one 

involved selecting the top LJ parameter sets from the 10 million outcomes of the Brute-

Force selected LJ parameters using the custom error function Ὡ . For example, for 

alkenes the range of Ὡ  for all 10 million sets varied from ~0.9 to ~26.0, hence only sets 

with Ὡ  less than ~4.0 were chosen yielding approximately 100,000 sets. Next, the 

chosen parameters were clustered into specific ranges of values of the LJ parameters. The 

ranges of the parameters were selected based on the ranges covered in the training data. 

Each LJ parameter was partitioned into 3 ranges as shown in Table 2.2 for alkenes and 

Appendix 3 for the rest of the groups. These ranges of each of the LJ parameters were then 

uniquely combined into which the parameter sets were clustered. For example, for alkenes, 

4 atom types HQ2C1A, HQ2C1B, CQ2C1A and CQ2C1B were being optimized, hence 

there were 8 different parameters (‐ and Ὑ ȟ for each), in 3 different ranges, yielding a 

total of 83 (512) possible clusters for the group. As an example, for alkenes, 

░
╗╠ ╒ ═

ï Range A, ╡□░▪ȟ░
╗╠ ╒ ═ Range B, ░

╒╠ ╒ ═
 ï Range C, ╡□░▪ȟ░

╒╠ ╒ ═ Range A, ░
╗╠ ╒ ║

 ï Range 
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C, ╡□░▪ȟ░
╗╠ ╒ ║ Range B, ░

╒╠ ╒ ║
 ï Range B and ╡░

╒╠ ╒ ║ Range C will make one unique 

combination or cluster. Of the total number of possible clusters (512 in case of alkenes), 

only those clusters which contained at least 6 parameter sets were chosen for the RMSF 

analysis. Thus, the chosen subset of the data in alkenes consisted of 187 (out of 512) 

clusters. Next, all LJ sets, up to the top 500 based on Ὡ  ranking in each cluster, were 

subjected to a rare gas-based interactions in MM, which were further used to calculate the 

RMSF with those in QM. This type of clustering was done to ensure that all combinations 

of the LJ parameters present in the top ~100,000 selections were explored during the QM 

rare gas RMSF based analysis while avoiding the need to perform the RMSF calculation 

on all ~100,000 parameter sets. The final LJ parameter set was that with the lowest RMSF 

value along with a low Ὡ . 

Table 2.2: Parameter ranges used for generating parameter-based clusters in alkenes. 

 

2.2.7 Validation of the Final Parameters 

After the best LJ set was selected, the chosen set was then subjected to a threefold empirical 

validation process. This first involved empirically validating the predicted properties for 

the chosen LJ parameter set. Next, the condensed phase pure solvent/crystal properties (Vm 

and ȹHvap/ȹHsub and dielectric constant) were calculated for the validation set molecules. 

Lastly, the HFE of all the molecules in each group, as defined by the availability of the 

Range 
░
╗╠ ╒ ═

 ╡□░▪ȟ░
╗╠ ╒ ═

 
░
╗╠ ╒ ║

  ╡□░▪ȟ░
╗╠ ╒ ║

 
░
╒╠ ╒ ═

  ╡□░▪ȟ░
╒╠ ╒ ═

 
░
╒╠ ╒ ║

  ╡□░▪ȟ░
╒╠ ╒║

 

Range A 
< -

0.0350 
< 1.1000 

< -

0.0350 
< 1.1000 

< -

0.0675 
< 1.8000 

< -

0.0675 
< 1.8000 

Range B 

-0.0350 

to -

0.0290 

1.10 to 

1.35 

-0.0351 

to -

0.0290 

1.10 to 

1.35 

-0.0674 

to -

0.0555 

1.8 to 

2.1 

-0.0675 

to -

0.0555 

1.8 to 

2.1 

Range C 
> -

0.0290 
> 1.3500 

> -

0.0290 
> 1.3500 

> -

0.0555 
> 2.1 

> -

0.0555 
> 2.1 
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experimental value, were calculated to ensure the ability of the parameters to predict the 

energetics in aqueous solution. 

Once the final LJ parameters were selected and validated, the electrostatic and 

bonded parameters were rechecked for reproducibility against the QM target data for all 

molecules in both training and validation sets. This included the intramolecular geometries, 

molecular vibrational spectra, and the PES of the selected bonds, angles, and dihedrals. In 

addition, water minimum interaction energies and distances, molecular dipole moments 

and the component vectors and molecular polarizabilities and their tensors were compared 

to the corresponding QM data. Figures and tables represented as Appendix 19 to 32 depicts 

all the related data for the final optimized parameters all the molecules.  

2.3 Results and Discussion 

Presented is the implementation and application of a DL-based workflow for the 

refinement of LJ parameters. The overall DL-based LJ parameter optimization workflow 

is shown in Scheme 1. The procedure is composed of three main parts, namely: training, 

high throughput parameter selection, and validation. The training part is an iterative two 

step framework that is used to train a DL model that learns the relationship of the LJ 

parameters with the pure solvent or crystal condensed phase properties. The high-

throughput selection part is used to sample the LJ parameter space using the trained DL 

model and find best sets of LJ parameters using the error function shown in equations 2.2 

to 2.4. The final set of LJ parameters is then selected through comparison with QM rare 

gas-model compound interactions, thereby assuring the balance of the selected LJ 

parameters across the parameters themselves, atom types and molecules while still 

reproducing the condensed phase experimental properties. In the empirical validation part, 
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the optimized LJ parameter set is validated through out-of-training molecules and 

calculation of the free energies of hydration and dielectric constants of both training and 

validation set molecules. The overall workflow is illustrated in Scheme 1 and detailed 

explanations for each part of the procedure are presented below.  

 

Scheme 1: Schematic of the new process of optimization of LJ parameters in Drude 

Polarizable Force Field. Dotted arrow represents use of the same model after training, solid 

arrows represent continuity to the next steps. 
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2.3.1 Atom type and model compound selection 

  The DL-based LJ optimization approach is applied to the parameters ‐ and Ὑ ȟ 

belonging to atom types of four different organic functional groups not adequately 

optimized in the context of the Drude FF. These include the alkenes, 3 and 4 membered 

ring compounds, and nitriles. To initiate the optimization process initial decisions 

concerning the model compounds and the number of new atom types is required. For the 

model compounds, the training set molecules are selected based on their simplicity such 

that they have minimal additional atom types beyond those being targeted. In the case of 

the alkenes (Figure 2.1), these include ethene, propene, 1-butene and 2-butene. These 

molecules include both terminal and non-terminal sp2 carbons and the covalently linked 

hydrogens. Importantly, the only additional moiety on the selected model compounds are 

alkanes for which well optimized parameters are available.100, 233-235 In the subsequent 

parameter optimization, these parameters were used for the alkyl chain atom types. Model 

compounds for the additional classes of molecules are shown in Appendix 4. Generally, a 

similar pattern in the structures of the molecules is evident within each individual 

functional group set. However, additional complexity in the molecules was required with 

the rings and nitriles to account for the lack of availability of the experimental condensed 

phase data for simple compounds. In addition, with the ring systems maintenance of the 

cyclic aliphatic carbon atom types in the presence and absence of oxygen was desired. Such 

considerations ultimately lead to the inclusion of compounds such as cyclic alkanes with 

and without ether and ketone groups in the 3 and 4 membered ring model compounds and 

aromatic rings in the nitrile model compounds. 
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Figure 2.1: Training and validation set compounds for alkenes along with the atom types 

included in the optimization represented by each compound. Appendix 4 presents the 

structures of molecules in rest of the three groups. 

 

The assignment of new atom types represents the second critical step in the 

extension of the Drude FF. The number of actual atom types required to reproduce the 

experimental condensed phase thermodynamic and kinetic properties has been debated,236-

238 and such arguments range from suggesting individual parameters for each atom in a 

molecule, 236, 237 or discuss the possibility of reducing the atom types to their elemental 

classification. 238 While too many atom types create a high level of complexity in the FF 

thereby limiting transferability of parameters, too few atom types limit the ability to 

achieve a sufficient level of accuracy. Thus, it is necessary to determine the requirement of 

a new atom type through a large set of molecules with a wide variety of chemical 

connectivity containing the same functional group. In the present study, we started with a 

minimal set of atom types for each functional group. Based on this minimal set, ranges for 
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‐ and Ὑ ȟ values were first chosen, thus constituting the LJ parameter space and LHD 

was used to generate the LJ parameters in a given range, which were then used to calculate 

the condensed phase data for all the training set molecules. In the case of alkenes, initially 

only three atom types were used; CQ2C1A non-terminal alkene carbon, CQ2C1B for 

terminal alkene carbons, while the same hydrogen type, HQ2C1A, was applied in both 

scenarios. The differences between the experimental and calculated condensed phase 

properties obtained for all the molecules in the set using all the LHD selected LJ parameters 

were calculated. A heat map of the correlations between experimental and calculated 

properties for four alkene molecules constituting the training set is shown in Figure 2.2. As 

may be seen, while reasonable correlations between some molecules were present (e.g., 

propene and ethene for Vm), in other cases the differences were anticorrelated (e.g., 1-

butene and 2-butene for Vm and ethene and 2-butene with æHvap). This indicates that 

variations in the LJ parameters for those three atom types alone would not lead to a solution 

that can accurately model all four model compounds. Consequently, an additional 

hydrogen atom type HQ2C1B, was added to allow for explicit hydrogen types for terminal 

C-H moieties. The resulting correlations in the differences in the reproduction of the 

experimental data across the molecules and LJ parameters sets significantly improved 

(Figure 2.2 C and D) although no correlations were observed between ethene and the 

remaining three molecules. The lack of anticorrelated behavior indicated that LJ 

parameters that accurately modeled all four compounds could be achieved as presented 

below. Notably this approach could also be used to identify molecules appropriate for 

inclusion in the training set, as performed for the 4 membered rings (Appendix 6), 
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indicating its utility in facilitating decisions concerning atom types and model compounds 

to include during force field development.  

 
Figure 2.2: Correlation heatmaps of the differences between the calculated and 

experimental values of Vm (A and C) and ȹHvap (B and D) of the alkene training set 

molecules based on the set of LJ parameters selected by LHD during DL model 

development. Results are shown for 3 atom types (A and B) and for 4 atom types (C and 

D). (Molecule abbreviations: ethe ethene, prpe propene, bte1 ï 1-butene and bte2 ï 2-

butene) 

Based on the above considerations and analysis the atom types and molecules for 

the DL LJ optimization were selected for all 4 groups. The atom types optimized in this 

work were alkene (non-terminal and terminal) carbons (CQ2C1A and CQ2C1B) and 

hydrogens (HQ2C1A and HQ2C1B), 3 and 4 membered ring carbons (CQ3R3A and 

CQ3R4A) and oxygens (OQ3C3A and OQ3C4A) and nitrile carbon and nitrogen (CQ1N1 

and NQ2C1) atom types. For each group, 8-10 molecules were selected such that 4-5 of 
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them were categorized as training set, while the rest were categorized as validation set 

molecules (Figure 2.1 and Appendix 4). The training set molecules were used to optimize 

the LJ parameters and the validation-set molecules were used to test the transferability of 

the optimized parameters. In the remainder of the main text, the description of the 

application of the DL workflow will focus on the alkenes along with summary data on the 

remaining classes of compounds, with details included Appendices 1 to 19.  

2.3.2 DL model development 

DL model development is an iterative scheme composed of data generation and DL 

training. After the electrostatic and bonded parameters of the model compounds for a given 

group are parametrized, the compounds are used for the generation of training data, which 

involves LJ parameter sets as features and the corresponding pure solvent or crystal 

properties calculated using MD simulations as labels. Generation of the training data that 

encompasses the experimental properties for the multiple molecules in the group is 

challenging and requires the appropriately distributed sets of input LJ parameters. The 

initial LJ parameter guesses were obtained either from the LJ parameters of analogous atom 

types in the Drude polarizable force field or in CGenFF. Using the initial guess LJ 

parameters, the condensed phase properties of all the molecules in the training set were 

calculated. Comparison of the calculated and experimental values was then undertaken 

from which a range of LJ parameters for DL model development were initially selected. 

For the individual classes of functional groups, the range of the parameters for initial model 

development was proportional to the overall level of agreement between calculated and 

experimental values. Once an initial range of LJ parameters for all the relevant atom types 

was selected, LHD was utilized to generate LJ parameters that uniformly covers the 
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selected range parameters for generation of the calculated condensed phase properties. 

LHD is a statistical sampling method that is used to generate evenly distributed parameter 

sets within a given range, thus generating non-overlapping sets. The ñcenter maximinò type 

of LHD was used to generate sets of parameters uniformly sampled with a reduced pair-

wise correlation and maximized ñinter-site distancesò between the parameters thus 

generated. To generate a sample size of N from x variables, LHD divides the range of each 

variable into N non-overlapping intervals based on an equal probability size of 1/N. The 

intervals within each point generated using LHD are thus uniformly distributed to represent 

the given LJ parameter space. As an example, N = 200 sets of LJ parameters with 8 

different variables (‐ and Ὑ ȟ of 4 different atom types) were generated for alkenes. The 

upper and lower limits of the LJ parameters for all four atom types are listed in Table 2.3 

along with the total range, the sampling resolution, and the total possible number of sets 

present in the given LJ space interpreted by LHD for each individual LJ parameter. Thus, 

the 200 sets of LJ parameters generated by LHD are representative of 6.7 X 1017 possible 

sets of LJ parameters of alkenes. 
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Table 2.3: The initial and the range of parameters for all atom types of alkenes, used in 

training the DL LJ model. ‐ in Kcal/mol and Ὑ ȟ in Å. 

Group Alkenes 

Atom Types CQ2C1A CQ2C1B HQ2C1A HQ2C1B 

LJ Parameters  ‐ Ὑ ȟ ‐ Ὑ ȟ ‐ Ὑ ȟ ‐ Ὑ ȟ 

Initial  -0.066 2.07 -0.066 2.07 -0.034 
1.209

9 
-0.034 

1.209

9 

Lower Limit  -0.0759 1.7595 
-

0.0759 

1.759

5 

-

0.0391 

1.028

4 

-

0.0391 

1.028

4 

Upper Limit  -0.0561 2.3805 
-

0.0561 

2.380

5 

-

0.0289 

1.391

4 

-

0.0289 

1.391

4 

Range 0.0198 0.621 0.0198 0.621 0.0102 0.363 0.0102 0.363 

Sampling 

Resolution 
0.0001 0.0031 0.0001 

0.003

1 
0.0001 

0.001

8 
0.0001 

0.001

8 

No. of points 198 200 198 200 102 202 102 202 

Total number of possible sets 

6.66E+1

7       

Number of LHD generated sets 200       

 

Using the LHD selected parameters MD simulations were undertaken to calculate the 

associated condensed phase properties. If the calculated properties encompassed the 

experimental data for the training molecules, DL model training was initiated. If the 

calculated values did not encompass the experimental data, a new range of parameters was 

identified, LHD applied to select a new training set of LJ parameters and the MD 

calculations performed. It took different numbers of iterations to cover the experimental or 

near experimental properties for the four groups, which depend on the quality of the initial 

LJ parameters. For example, with the alkenes, the previously optimized LJ parameters for 

2-butene from the Drude lipid FF142 was used as the starting point for generating the 

training data, representing a high quality initial guess. In contrast, with the 4 membered 

rings, since there were no analogous carbon atom types in the Drude FF, the initial LJ 

parameters for the carbon atom were obtained from the CGenFF 4 membered ring carbon. 

For the 4 membered ring oxygen, the Drude FF tetrahydrofuran oxygen LJ parameters were 
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used. The parameter ranges for alkenes along with the initial parameters are listed in Table 

2.3, and the quality of the empirical properties of the initial and the best LJ parameters 

from the LHD selected training data are listed in Table 2.4. Data in Table 2.4 includes the 

differences and percentage differences of the calculated condensed phase properties of the 

four training set molecules from their respective experimental properties. With the alkenes, 

only a single scan was required to prepare the data used for training the DL model. This is 

associated with the good initial set of parameters yielding overall good agreement with 

experiment. Interestingly, the best set selected by LHD improved agreement with 

experiment in some cases (e.g., ethene Ў( ) though not in all cases shown in Table 2.4. 

However, as LHD is designed to sample a diverse range of parameters rather than identify 

the ideal set, this result is expected. 

With the remaining groups additional scans were required as the initial guess of the LJ 

parameters was not as good as with the alkenes. For the 4 membered rings it took 5 scans 

to cover the experimental properties for most of the molecules in the set (Appendix 4). 

However, this process included using the correlation analysis of the differences in the 

condensed phase properties to identify that 2-oxetanone was inappropriate as model 

compound (Appendix 5). Once 2-oxetanone was identified as problematic an additional 

scan was performed with both 2 and 3-oxetanone followed by a single, final scan with 2-

oxetonane omitted. For the 3 membered rings and nitriles the initial LJ from CGenFF 

produced near experimental properties in two scans. The number of sets selected from LHD 

used for training each model varied from 97-200. The details of the LJ parameter ranges 

for the rest of the three groups, along with the quality of the initial set to the best set from 

the LHD-selected training data is presented in Appendix 7 to 9 of this thesis. Thus, the 
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presented DL approach appears to require one to two scans to identify the appropriate 

region of LJ parameters space in cases where the suitable model compounds are identified. 

When multiple scans were required, all the LJ parameter sets for all the scans on which 

MD simulations were performed and empirical condensed phase data obtained were used 

for training of the final DL models for each group. 

Table 2.4: Pure solvent properties of alkenes training set molecules, using initial LJ and 

the best LJ from the training data selected by Latin Hypercube Design. 

Alkenes Training Set 

Molecule Description 

Vm 

(cu. Å) 
æHvap 

(kcal/mol) 

Diff  %Diff  Diff  %Diff  

Ethene 
Initial -3.79 -4.84% 1.36 28.87% 

Best of training 2.61 3.08 -0.08 -2.45 

Propene 
Initial -1.96 -1.74% 0.1 2.22% 

Best of training -0.42 -0.37% 0.03 4.74% 

1-butene 
Initial 2.00 1.25% -0.11 -2.33% 

Best of training 4.74 2.91% 0.05 1.02% 

2-butene 
Initial -1.98 -1.29% -0.20 -3.82% 

Best of training -4.35 -2.88% -0.28 -5.43% 

 

Although LHD samples the selected LJ parameter space uniformly it does so at a low 

resolution such that identifying the regions of parameter space that most accurately 

represent the experimental pure solvent properties for all chosen molecules is not achieved. 

DNNs have the ability to extract complex information from data, even when the training 

data is composed of much simpler information.239 Our models use the LJ parameters ‐ and 

Ὑ ȟ of the given atom types as features to predict the pure solvent properties Vm and 

ȹHvap/ȹHsub as the outputs or labels for each molecule in the set. The convergence of the 

error metrics (MAE and MSE) during the training is shown in Appendix 2. In all cases the 

models are largely converged after 100 epochs though training continued until the exit 
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criteria discussed above was met. The resulting DL models were able to predict the MD 

simulation-based target data based on condensed phase data from simulations of a subset 

of the LHD selected parameter sets. For the final models the correlations between the MD-

based true and DL-based predicted values of all target properties in the test split from the 

5-fold cross validation for each group are shown in Figure 2.3 for all four groups. The 

average R2 of all the models was 0.96 ± 0.03, which depicts their high predictive ability.  

 

Figure 2.3: Correlation plots for MD-based true vs. DL-based predicted properties for of 

all target properties in the test split from the 5-fold cross validation applied during DL 

training. A and B) alkenes model; C and D) 3 membered ring compound model; E and F) 

4 membered ring compound model; G and H ï Nitriles model, where the correlations of 

Vm and ȹHvap/ȹHsub are depicted individually. 

 

With the 3 and 4 membered ring groups, a subset of the condensed phase simulations 

based on the LHD selected parameters were not stable. This is due, for example, to certain 

combinations of LJ parameters having Ὑ ȟvalues that are too large or ‐ values that are 

not favorable enough over the different atom types in the group such that the interactions 

between the monomers in the simulations were not favorable enough to maintain a 
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condensed phase. In these cases, the liquids expanded into gases during the NPT 

simulations. Such a behavior, associated with what is termed infeasible vs. feasible 

parameter sets, was anticipated as LHD explores the full range of the multivariate LJ 

parameter space, thus potentially resulting in infeasible combinations of Ὑ ȟ and ‐ as 

occurred with the cyclic compounds. Notably, the number of infeasible sets was limited to 

53 out of 220 for 3 membered rings, 18 out of 225 for 4 membered rings (without 

optimizing the oxygen) and 10 out of 120 (with optimizing the ring oxygen) (Appendix 7 

and 8). Thus, the final models for such groups were trained on the remaining, feasible LJ 

parameter sets, while there were no infeasible sets in alkenes and nitriles groups. The 

number of sets used for DL training for each group are included in Appendix 7. 

2.3.3 High-throughput LJ Parameter Selection 

The trained DL models were applied to sample from a broad range of LJ parameters 

space at high resolution to identify top ranking LJ parameter sets for the four groups. This 

involved using the DL models to predict the pure-solvent or crystal properties of 10 million 

input parameter sets (‐ and Ὑ ȟ), where the input parameters were generated by 

stochastically sampling throughout the entire LJ parameter space of up to 1018 possible 

parameter sets using the Brute-Force algorithm. The Brute-Force algorithm is a straight-

forward problem-solving method where all possible solutions to a problem are tested 

individually, retaining only those that are close to the actual solution. Some well-known 

examples of its applications include the implementation of chess in Artificial 

Intelligence,230, 240 and cryptography.231, 241 Such an algorithm was recently used in a DL-

based force field parametrization framework for ReaxFF.133 Following this strategy, Vm 

and ȹHvap/ȹHsub were predicted for 10 million LJ parameter sets generated stochastically 
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within the specified range of parameters for the training-set molecules. Such a large 

number of sets were sampled to allow the DL models to interpolate and predict pure solvent 

empirical properties for LJ parameters that were not covered by the LHD selected 

parameters.  

Once the 10 million LJ parameter sets were sampled using Brute-Force, the next step 

involved determining the sets of parameters which yield empirical condensed-phase 

properties closest to their experimental values. However, determining a single set of 

parameters that yields objectives closest to the target represents a significant challenge 

associated with the present multi-variable, multi-objective problem. Thus, a custom error 

function, Ὡ , was applied to choose a collection of best sets for each group. Ὡ  is based 

on the weighted unsigned differences between predicted and experimental values of the 

observables (Equations 2.2 to 2.4). Presented in Figure 2.4 are the distributions of Ὡ  for 

the four functional groups. Evident are the broad distributions, with the distributions biased 

towards low Ὡ  values for all four groups, with the widest range of errors for 4 membered 

groups and least for the nitriles. However, in all cases it is evident that a large number of 

parameter sets have low scoring Ὡ  values. Accordingly, additional target data was 

required to select the final parameter sets, as described in the next section. 
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Figure 2.4: Histograms showing probability distributions of the error Ὡ  of the brute-

force scan data for each functional group. 

Selection of the final LJ parameters: 

To select the final sets of parameters ab initio QM interactions of rare gas elements (He 

and Ne) with the training set molecules were used. The use of rare gas-model compound 

ab initio data has previously been used in CHARMM and Drude FF LJ parameter 

optimization.120-122 This approach focuses on balancing the interaction energies and 

distances over the different molecules and orientations while the magnitude of both terms 

may be systematically offset from the QM values, as required to allow for accurate 

reproduction of experimental condensed phase data. This approach was designed to address 

the parameter correlation problem where more extreme values of LJ parameters can yield 
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good agreement with experimental data as, for example, an unphysically large ‐ with one 

atom type may compensate for an unphysically small ‐ on a second atom type during 

optimization.  

The final parameter set selection was initiated by selecting approximately the top 

100,000 LJ parameter sets from the 10 million sets subjected to Brute-Force analysis with 

the DNNs. This was performed by identifying an Ὡ  cutoff that yielded approximately 

the top 100,000 sets. For alkenes, the top ~100,000 sets encompassed an Ὡ  less than 4.0. 

The chosen subset of the data was divided into unique clusters of LJ parameters, with a 

minimum of 6 LJ sets in each cluster. These clusters were then subjected to the rare gas-

model compounds RMSF calculations for up to the top 500 sets in a cluster ranked based 

on the Ὡ  values. The clustering ensured a uniform sampling of the LJ parameters in the 

top 100,000 sets while focusing on lower Ὡ  values as well as avoiding the need to 

perform the RMSF calculation on all 100,000 sets. The LJ parameter set corresponding to 

the lowest RMSF value along with a low Ὡ  was chosen as the final set.  

2.3.3.1 Importance of inclusion of both condensed phase and ab initio QM target data 

in LJ parameter optimization 

Shown in Figure 2.5 are rare gas-model compounds PES for 1-propene, 1-butene 

and 2-butene, targeting the terminal and non-terminal carbons in the double bond for 

different interaction orientations. The figure represents PES from the ab initio QM 

calculations and for the final LJ parameter set selected based on the lowest RMSF along 

with those from CGenFF. As is evident there are significant differences between the QM 

and MM PES, with the MM PES for the Drude force field being systematically more 

favorable and with minima at shorter distances; a similar trend occurs with CGenFF. This 
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emphasizes the need for the use of the DNN to facilitate the selection of LJ parameters that 

reproduce the experimental data while the RMSF of the differences between the MM and 

QM minimum interaction energies and distances over the rare gas-model compound 

interaction orientations selects LJ parameters that balance the interactions as a function of 

orientation. The similarity of the Drude and additive CGenFF PES indicates that the 

difference between QM and MM PES largely reflect limitations in the use of dimers alone 

to model dispersion interactions that also yield appropriate condensed phase properties 

with an MM model. Additional limitations in the treatment of long-range dispersion 

contributions in the QM model,242-245 will also contribute to the differences in Figure 2.5 

and Appendix 13 to 15 for the remaining groups.  
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Figure 2.5: Potential energy surfaces of the rare gas-alkene model compound interactions 

for 1-propene (prpe), 1-butene (1-bte) and 2-butene (bte2), at different angles of 

interaction: in-plane and out-of-plane (OOP) with Helium (He) and Neon (Ne) for the QM, 

final Drude FF and additive CGenFF model chemistries. 

Additional analysis was undertaken to better quantify the use of the DL model for 

LJ parameter optimization and the impact of the use of the RMSF metric for final parameter 

set. Shown in Table 2.5 are average difference and percent difference in condensed phase 
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properties for the training sets for the four groups for LJ parameters obtained at different 

steps in the parametrization workflow. In addition, the eROC and RMSF from the final two 

steps of with workflow are included. As is evident going from the initial guess LJ 

parameters to the best of the LHD selected parameters to the parameters from the DL Brute-

Force sampling based on the eROC metric alone generally leads to improvement in the 

overall agreement with the experimental condensed phase properties. Inclusion of the 

RMSF metric in addition to eROC when selecting parameters leads to poorer agreement with 

experiment in the majority of cases associated with an increase in the eROC metric while the 

RMSF value decreased as expected. With the nitriles, the lowest eROC LJ parameter set also 

corresponded to the lowest RMSF associated set. Thus, as expected the inclusion of the 

RMSF metric leads to suboptimal eROC values and a degradation in the agreement with the 

average condensed phase properties, though the differences are not statistically significant 

in the majority of cases. However, the inclusion of the RMSF metric yields LJ parameters 

with an improved balance in the interactions between the rare gases and the model 

compounds as function of orientation and, importantly yields the overall good agreement 

with the experimental condensed phase properties for both training and validation set 

molecules as presented below. 
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Table 2.5: Comparison of the eroc and RMSF metrics along with the average differences 

and percent difference between the calculated and experimental pure solvent condensed 

phase properties for the LJ parameters from the initial guess, the best LJ parameters 

selected by Latin Hypercube Design and from the DL Brute-Force sampling based on the 

eROC metric alone and based on both the eROC and RMSF metrics. Averages are over the 

training set compounds in each group. 

Group Description eROC RMSF 
Vm Diff.  

(cu. Å) 

Vm  

% Diff.  

ȹHvap 

Diff.  

(kcal/mol

) 

æHvap 

% Diff.  

Alkenes 

Initial  NA NA 2.43±0.45 2.28±0.86 0.44±0.31 9.31±6.53 

Best of LHD NA NA 3.03±0.99 2.31±0.65 0.11±0.06 3.41±1.02 

eROC selected 
0.850

0 
0.1254 1.01±0.56 0.67±0.34 0.10±0.05 2.24±1.21 

eROC /RMSF 

selected (final) 

2.510

0 
0.1243 1.31±0.23 1.20±0.43 0.18±0.08 5.07±2.99 

3 mem. 

rings 

Initial  NA NA 
13.69±5.7

7 

10.19±3.9

0 
1.19±0.37 29.06±16.60 

Best of LHD NA NA 0.38±0.27 0.36±0.28 0.51±0.22 8.72±4.32 

eROC selected 
1.672

5 
0.1937 0.28±0.10 0.24±0.09 0.57±0.27 10.48±5.88 

eROC /RMSF 

selected (final) 

2.175

0 
0.1804 0.46±0.13 0.40±0.14 0.58±0.26 8.28±2.46 

4 mem. 

rings 

Initial  NA NA 
12.12±2.8

6 
9.22±2.67 2.44±1.30 26.54±6.14 

Best of LHD NA NA 3.82±0.80 2.79±0.21 0.50±0.15 6.95±1.64 

eROC selected 
3.822

5 
0.1478 1.26±0.85 0.76±0.44 0.89±0.17 15.23±5.05 

eROC /RMSF 

selected (final) 

3.890

0 
0.1447 1.53±0.47 1.11±0.28 0.95±0.19 16.46±5.15 

Nitriles  

Initial  NA NA 1.37±0.35 1.10±0.33 0.96±0.28 0.42±0.56 

Best of LHD NA NA 1.38±0.31 0.86±0.19 0.61±0.15 4.79±0.91 

eROC selected 
1.888

7 
0.0844 1.13±0.32 0.82±0.21 0.53±0.31 3.79±1.65 

eROC /RMSF 

selected (final) 

1.888

7 
0.0844 1.13±0.32 0.82±0.21 0.53±0.31 3.79±1.65 

 

2.3.4 Validation of the final parameters 

The final LJ parameters chosen from the high throughput selection process were 

validated through pure solvent calculations on the separate validation set molecules and on 

the calculation of dielectric constants and HFEs of both the training and validation set 

compounds. Table 2.6 presents the final pure solvent and crystal properties including Vm, 

æHvap, æHsub and dielectric constants along with the HFE of the training and validation set 
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molecules for alkene group. Table 2.7 lists the average unsigned differences and the percent 

differences of the Vm and æHvap/æHsub of the final calculated properties to their 

experimental values for all four groups with the HFE values for the four groups shown in 

Table 2.8. For the alkenes, the differences in the energetic terms are typically less than 0.5 

kcal/mol and the percent difference less than 10 % indicating general agreement within 

chemical accuracy, 246, 247 of experiment for the studied properties. Analysis of Tables 2.7 

and 2.8 indicate that the Drude model generally shows improvement over the additive FF 

when taking all the molecules into account. An exception occurred with the alkenes, where 

the average differences were smaller with the additive model, though the Drude performs 

better with the validation set molecules. Specifically, for 4 membered ring compounds, on 

an average the Drude FF reproduced Vm by 4.09±0.36 Å3 for the training set compounds, 

1.04±0.22 Å3 for validation set compounds, while the quality of the ȹHvap were similar 

with 0.11±0.03 kcal/mol for the training set and -0.18±0.15 kcal/mol for the validation set. 

For alkenes, the overall quality of the optimized LJ parameters was similar or better than 

CGenFF, where Drude FF was better than CGenFF by 0.02±0.12 Å3 for Vm and 0.12±0.08 

kcal/mol for ȹHvap, while similar to CGenFF for dielectric constant (-0.02±0.01) and better 

by 0.24±0.03 kcal/mol for HFEs. The highest difference in HFE was in the case of alkenes 

(-0.6 kcal/mol) with cyclohexene. Overall, the condensed phase properties Vm and ȹHvap 

or ȹHsub for the validation set molecules and the dielectric constants and HFEs for all 

compounds were all close to their experimental values using the optimized set of LJ 

parameters. 
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Table 2.6: Thermodynamic properties (Vm, æHvap, dielectric constant) and Hydration Free 

Energies of the Alkenes. NA indicates that experimental data is not available. Differences 

in molecular volumes Vm in Å3 and enthalpies of vaporization and sublimation and 

hydration free energy in kcal/mol. 

Training Set 

Molecule 
Force 

Field 

Vm æHvap 
Dielectric 

Constant 

Hydration Free 

Energy 

Diff  %Diff  Diff  %Diff  Diff  %Diff  Diff  %Diff  

Ethene 
Additive 1.14 1.37% -0.11 -3.40% NA NA -0.30 -30.00% 

Drude Final -1.97 -2.46% -0.41 -13.95% NA NA 0.04 2.83% 

Propene 
Additive 1.19 1.03% -0.04 -0.92% -0.06 -2.80% -0.15 -13.04% 

Drude Final -1.05 -0.92% 0.09 2.00% 0.27 11.20% -0.21 -19.01% 

1-butene 
Additive 4.78 2.93% -0.12 -2.55% -0.28 -14.89% -0.26 -22.81% 

Drude Final 1.21 0.76% -0.15 -3.21% -0.02 -0.93% 0.35 20.13% 

2-butene 
Additive -5.65 -3.77% 0.05 0.91% -0.19 -10.80% NA NA 

Drude Final -0.99 -0.64% -0.06 -1.12% -0.20 -11.43% NA NA 

Validation Set 

1-pentene 
Additive 4.02 2.16% 0.01 0.16% -0.13 -7.20% -0.68 -67.22% 

Drude Final 2.88 3.20% 0.22 3.49% 0.26 11.37% -0.1 -6.38% 

1-hexene 
Additive 2.68 1.27% -0.14 -1.95% -0.14 -7.54% 0.00 0.00% 

Drude Final 1.14 2.04% -0.11 -1.53% -0.04 -1.93% -0.02 -1.19% 

2-pentene 
Additive -0.36 -0.20% 0.46 6.73% NA NA NA NA 

Drude Final 4.48 2.00% 0.16 2.45% NA NA NA NA 

2-hexene 
Additive -1.98 -0.96% 0.29 3.70% -0.23 -12.97% NA NA 

Drude Final 3.77 1.50% 0.12 1.56% 0.10 3.48% NA NA 

3-hexene 
Additive -1.01 -0.50% 0.73 8.85% -0.19 -10.80% NA NA 

Drude Final 5.31 2.52% 1.25 14.29% -0.19 -10.80% NA NA 

Cyclohexene 
Additive 4.52 2.62% 0.38 4.59% NA NA -0.07 -24.20% 

Drude Final 8.60 4.87% -0.85 -11.90% NA NA -0.63 244.68% 
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Table 2.7: Pure solvent and crystal properties averaged over the four groups. Molecular 

volumes, Vm in Å3 and enthalpies of vaporization and sublimation in Kcal/mol. Differences 

and percent differences are unsigned, reported uncertainties represent standard error 

values. 

 

Grou

p 
Force 

Field 

Training Set Validation Set 

Vm 

Diff.  

Vm  
% 

Diff.  

æHvap 

 Diff.  

æHvap  

% Diff.  
Vm  
Diff.  

Vm  
% 

Diff.  

æHvap 

 Diff.  

æHvap  

% Diff  

 

Alken

es 

Additive  
3.19±1.

18 

2.27±0.

65 

0.08±0.

02 

1.94±0.

62 

2.43±0.

91 

1.29±0.

47 

0.34±0.

13 

4.31±1.

59 

Drude 
1.31±0.

23 

1.20±0.

43 

0.18±0.

08 

5.57±2.

86 

4.36±1.

07 

2.69±0.

61 

0.45±0.

28 

5.87±3.

24 

3 

mem.  

rings 

Additive  
2.80±1.

73 

2.73±1.

93 

0.59±0.

13 

10.48±2

.88 

6.76±0.

30 

3.91±0.

32 

0.97±0.

29 

9.79±2.

20 

Drude 
0.46±0.

13 

0.40±0.

14 

0.58±0.

26 

8.28±2.

46 

9.57±2.

61 

5.55±1.

40 

0.70±0.

29 

7.29±3.

77 

4 

mem. 

rings 

Additive  
5.62±1.

19 

4.19±0.

84 

0.84±0.

14 

10.90±1

.53 

6.91±1.

63 

4.64±0.

97 

1.23±0.

36 

13.87±1

.53 

Drude 
1.53±0.

47 

1.11±0.

28 

0.95±0.

19 

16.46±5

.15 

5.87±1.

20 

4.29±1.

25 

1.05±0.

07 

12.69±2

.10 

 

Nitril

es 

Additive  
2.99±1.

94 

2.02±1.

34 

0.82±0.

34 

5.59±1.

75 

2.83±2.

00 

1.96±1.

42 

1.80±0.

95 

12.35±5

.36 

Drude 
1.13±0.

32 

0.82±0.

21 

0.53±0.

31 

3.79±1.

65 

2.29±1.

33 

1.25±0.

63 

1.01±0.

32 

7.68±1.

93 
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Table 2.8: Hydration Free Energy (HFE) and dielectric constants, averaged over the four 

groups. HFE in Kcal/mol, where uncertainties represent standard error values.( *Indicates 

data from only one molecule (due to non-availability of experimental data for others).NA 

indicates non-availability of experimental data.) 

 

Grou

p Force 

Field 

Training Set Validation Set 

HFE 

Diff.  

HFE 

% Diff.  
Dielect

ric 

Consta

nt Diff.  

Dielectri

c 

Constant 

% Diff.  

HFE 

Diff.  

HFE 

% Diff.  

Dielect

ric 

Const

ant 

Diff.  

Dielect

ric 

Consta

nt 

% Diff.  

 

Alke

nes 

Additiv

e 

0.24±0

.04 

21.95±4.

26 

0.18±0.

06 

8.85±2.6

8 

0.25±0

.19 

30.51±

17.0 

0.17±0

.02 

10.51±

1.20 

Drude 
0.20±0

.09 

14.08±5.

55 

0.16±0.

06 

8.32±3.2

2 

0.25±0

.19 

83.19±

79.5 

0.15±0

.05 

6.56±2.

28 

3 

mem. 

rings 

Additiv

e 

1.11±0

.36 

49.18±2.

26 

17.00±

0.0* 

57.78±0.

0* 

NA NA NA NA 

Drude 
0.29±0

.17 

22.95±1

4.37 

0.72±0.

0* 

5.48±0.0

*  

NA NA NA NA 

4 

mem. 

rings 

Additiv

e 

NA NA 0.22±0.

0* 

12.29±0.

0* 

NA NA NA NA 

Drude 
NA NA 0.19±0.

0* 

10.39±0.

0* 

NA NA NA 
NA 

 

Nitril

es 

Additiv

e 

0.32±0

.08 

8.95±2.7

9 

16.00±

0.27 

151.93±3

2.31 

1.20±0

.41 

19.64±

1.21 

12.36±

0 

99.12±

0 

Drude 
0.15±0

.05 

3.98±1.2

0 

4.04±2.

29 

23.75±12

.81 

0.44±0

.21 

7.90±3.

03 

8.67±0 53.65±

0 
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2.4 Conclusion 

Optimization of LJ parameter is a complex multi-variable, multi-objective problem that requires 

extensive numbers of condensed phase simulations during the optimization process. The LJ 

parameters, which are limited to one or two atom types specific for a functional group, must be 

able to reproduce the experimental thermodynamic properties of multiple molecules that contain 

that functional group. In addition, there is the parameter correlation problem where the LJ 

parameters on different atom types can compensate for unphysical parameter values in the 

individual atom types. This issue will be addressed in more detail in a forthcoming manuscript. 

Finally, there is the broad range of chemical space that needs to be covered by a given force field. 

In combination these represent a significant challenge. To address such a challenge, we have re-

designed the workflow for the LJ parameter optimization in the Drude FF by taking advantage of 

the sampling power of Latin Hypercube Design (LHD) and the predictive power of Deep Learning 

to allow for the extensive sampling of LJ parameter space while being able to include condensed 

phase data into the optimization process. In addition, QM data is used to overcome the parameter 

correlation problem. Using this approach, we obtained high quality parameters for four groups of 

molecules representing different functional groups including alkenes, 3 and 4 membered ring 

compounds and nitriles.  

Our method at first utilizes LHD to generate 97 to 200 parameter sets uniformly sampled from 

the multidimensional LJ parameter space. These parameter sets are used to calculate pure 

solvent/crystal properties of the training set compounds for each group. The generated data is then 

used for training the DL model. When selecting such wide ranges of LJ parameters for MD 

simulations to obtain the condensed phase data for training the DL models, certain combinations 
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of parameters led to unstable systems associated with infeasible parameter sets for the 3 and 4 

membered ring compounds, and, therefore, were eliminated from the training data. 

The trained DL model is then used in a Brute-Force search algorithm to predict the properties 

from 10 million sets of ‐ and Ὑ ȟ over the atom types being optimized for the training set 

molecules. From this data top parameter sets are selected based on a weighted error function that 

includes experimental Vm and ȹHvap or ȹHsub condensed phase data and then clustered based on 

their LJ parameters. The final parameter set out of the 10 million sets is chosen based on good 

agreement with the experimental data as indicated by the Ὡ  metric and on the lowest RMSF 

between the MM and QM minimum interaction energies and distances of the rare gas elements He 

and Ne with the training set compounds. The final chosen set is then validated by determining the 

experimental values of the training set molecules to confirm their quality and tested for 

transferability by testing them on an out-of-training validation set molecules. In addition, the 

dielectric constant and the HFE of the molecules are determined. The final LJ parameters 

optimized using the current workflow yielded parameters which reproduced the experimental 

properties of the training and validation set compounds with an average unsigned error of 

3.32±0.94 Å3 for Vm, 0.68±0.22 kcal/mol for æHvap, 1.28±0.59 for dielectric constant and 

0.42±0.18 kcal/mol for HFE, where the uncertainties represent standard error.  

The quality of the final parameters and the resulting empirical pure solvent/crystal 

properties indicated the overall strength of the workflow. The overall agreement of the pure solvent 

properties of the compounds in Drude FF was improved over the additive CGenFF. In addition, 

the Drude model can also reproduce the HFE values well as the pure solvent or crystal properties, 

as seen previously116, thus emphasizing the importance of the explicit inclusion of polarization in 

a FF.  
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Chapter 3: Challenges related to the Optimization of Lennard-Jones 

Parameters in Empirical Force Fields in context of the Drude Polarizable 

Force Field  

3.1 Introduction  

Empirical force fields, represented by a set of simple potential energy equations, have helped 

simulate atomistic-level details of a wide range of biomolecular and chemical systems. The 

accuracy of these force fields determines the quality of the details captured by these simulations. 

For this reason, the optimization of the force field parameters must be undertaken with utmost 

care. The parametrization of the nonbonded portion of empirical force fields is typically based on 

a combination of ab initio quantum mechanical (QM) gas phase data and experimental condensed 

phase properties of model compounds. The Lennard-Jones (LJ) term, a formalism used to represent 

the potential form of the van der Waals intermolecular interactions and forces, have proven to 

make significant contributions to the condensed phase properties of organic non-polar 

molecules,111, 248 polar neutral organic compounds,112, 122 nucleic acid base analogs,249-252 and other 

small organic molecules. 109, 115, 116, 121 Hence, obtaining accurate LJ parameters is an essential part 

of the force field parameterization process.  

Optimization of the LJ parameters is a multivariate and multi-objective problem typically 

undertaken for multiple atom types targeting the experimental thermodynamic properties of 

multiple molecules. Atom types in CHARMM force fields define the chemical identity of the 

atoms and are based on its hybridization state, bond order, types of bonded chemical neighbors. 

and number of covalently linked hydrogens. The experimental thermodynamic properties used for 
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such an optimization may include the heat of vaporization, ȹHvap, heat of sublimation, ȹHsub, 

molecular volume, Vm, isothermal compressibility, and viscosity among others.  

LJ optimization in empirical FFs is often associated with the problem of parameter 

correlation, 124, 125 where numerically distinct sets of parameters ideally reproduce the experimental 

target properties. For example, with the CHARMM additive FF, it has been shown that different 

LJ parameter sets of ethane could equally well reproduce the experimental ȹHvap and Vm.13 In 

that study the parameters were optimized solely based on the condensed phase thermodynamic 

properties and hence did not account for the gas-phase behavior of the molecules. Similarly, 

Kaminsky et al. observed that optimizing LJ parameters solely targeting condensed-phase 

properties could reproduce the experimental condensed phase properties of methanediol and 

ethanediol in OPLS-AA FF but the gas phase dimerization energy for these molecules were largely 

overestimated.253 On the other hand, optimizing the LJ parameters exclusively on the ab-initio gas 

phase data typically leads to a poor representation of the condensed-phase behavior. For example, 

force field parameters for methane developed by Tsuzuki et al. based exclusively on the ab-initio 

gas phase data of methane dimer yielded -2 to 48% differences with the experimental condensed 

phase properties such as ȹHvap, Vm and diffusion coefficients.118 To overcome such a problem, 

Yin and MacKerell (1998) devised a twostep LJ optimization method utilizing both ab initio rare-

gas based data along with experimental thermodynamic properties of the target molecules.121 This 

method has since been utilized for the optimization of the LJ parameters in the additive CHARMM 

and Drude polarizable FFs.121, 122 While using both ab initio and thermodynamic properties 

minimizes the parameter correlation problem, the problem persists when scanning large regions of 

LJ parameter space. This observation was made in Chapter 2 and ref 109 that addressed the 

challenges associated with LJ optimization.109 In that work, we developed a high throughput 
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approach for the optimization of LJ parameters associated with 10 different atom types over four 

different chemical functionalities. In the previous work a wide range of LJ parameters were 

selected, from which a subset was initially sampled using Latin Hypercube Design (LHD) that 

were utilized to calculate the empirical thermodynamic properties of the training set compounds. 

The generated data was then used to train a Deep Neural Network (DNN),200 model for each class 

of compounds to predict the thermodynamic properties of the targeted compounds. The trained 

models were then used to predict the ȹHvap, ȹHsub, and Vm values for 10 million LJ parameter 

sets generated using Brute-Force sampling, which were ranked using a custom error function 

(Ὡ ) based on the reproduction of the experimental thermodynamic properties. The best 

~100,000 LJ parameter sets were then chosen from these 10 million sets for each of the 4 classes 

of compounds and parameter-based clustering was applied to identify distinct sets of LJ parameter 

from which a small subset of ~2000-3000 sets was chosen for further evaluation. Ab initio rare-

gas based root mean square fluctuation (RMSF) evaluation was undertaken on this subset and the 

final LJ sets were chosen by using both Ὡ  and RMSF. Although the chosen parameters 

reasonably reproduced the thermodynamic properties of the training and validation set compounds 

questions remained concerning if the ideal set of LJ parameters for each class of compounds was 

selected, in part, due to the parameter correlation problem. Motivated by this concern in the present 

work we address the following issues. First, is the parameter correlation problem inevitable when 

scanning large and multidimensional regions of LJ parameter space and, second, what could be 

the best approach to select final parameters from such a range of parameter space, such that the 

parameters yield a satisfactory balance between condensed phase and gas phase behavior? In 

addition, detailed analysis of the individual compounds and gas phase interactions are analyzed to 

identify potential problems in experimental target data and types of interactions that are 
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particularly challenging for empirical force fields to accurately treat. Accordingly, the specific 

goals of this chapter are: a) to explore the parameter correlation problem in detail and understand 

the relationship between the involved observables to propose a solution to the problem, b) to 

identify better parameter sets that best represents the condensed phase and gas phase behavior of 

the compounds in the training sets and are transferable to the validation sets and c) identify 

limitations in the target data used for LJ parameter optimization that may offer insights to facilitate 

future parametrization efforts. This work is based on the 4 classes of compounds studied in our 

previous work,109 and Chapter 2 ï i.e. alkenes, 3 and 4 membered rings and nitriles, and the four 

sets of best 100,000 LJ parameter sets identified for each of those classes of compounds.  

3.2  Methods 

The datasets used in this study were the four sets of the top 100,000 LJ parameters for the 

respective four classes of compounds selected using the Ὡ  function that is based on differences 

between the experimental and calculated pure solvent and crystal condensed phase properties. 

Briefly, the Ὡ  function is based on a weighted sum of differences between Ў( , Ў( , and 

Vm values for the selected compounds, where the calculated values were generated using the Deep 

Neural Networks (DNN) developed in the previous study,109 and Chapter 2 or from empirical 

molecular dynamics simulations. The molecular structures of the compounds used for this study 

are depicted in Figure 2.1 of Chapter 2 and Appendix 4.  

3.2.1 Comparison of the ab-initio model compounds-rare-gas interactions based on root-

mean square fluctuation (RMSF) analysis 

To analyze the correlation of the thermodynamic data and the ab initio rare gas data an error 

function based on RMSF of differences between the ab initio and empirical rare gas data over the 

training set model compounds and different rare gas-model compound interaction orientations was 
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used. The RMSFK error function selects parameter sets that are balanced with respect to the relative 

interactions of the model compounds with the rare gases while allowing the MM energies and 

distances to be offset from the QM values. 120-122 While the details of the rare gas-based RMSF 

function were described in Chapter 2 they are presented here due to their importance in the present 

study. Equations 3.1 to 3.10 represents the calculation of the RMSF function, which is referred to 

as RMSFK, where K indicates each set of LJ parameters. QM rare gas-model compound 

interactions were performed at the MP2/cc-pVQZ model chemistry with BSSE correction, using 

counterpoise method205 with the QM program Psi4.151-153 Rare gas-model compound interaction 

orientations used were in-plane linear (0° from plane of target atom), in-plane lateral (90° in-plane 

of the target atom), and out-of-plane (90° out-of-plane of the target atom) for the targeted atom 

types in each model compound (Figure 3.1), wherever feasible. The absolute differences between 

the QM and molecular modeling (MM) were calculated for the minimum interaction distances and 

energies indicated by ŭ and ắ, respectively, as shown : 

‏  Ὀ ȟ  Ὀ ȟ         Equation 3.1 

‐  Ὁȟ  Ὁȟ         Equation 3.2 

Ὀ ȟ  and Ὀ ȟ  denote the MM and QM minimum interaction distances, respectively, while 

Ὁȟ  and Ὁȟ  denote the MM and QM minimum interaction energies, where i represents the 

model compound-rare gas interacting pairs, j represents the interaction orientations (in plane-

linear, in plane-lateral and out-of-plane), and K represents each set of LJ parameters. Example 

interaction orientations for oxetane are shown in Figure 3.1 The mean differences are then 

determined over the different interaction orientations j for each interacting pair i as denoted : 

ȟ‏  
В

         Equation 3.3 
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‐ȟ  
В

         Equation 3.4 

The RMSF about the mean differences of the interaction orientations, j, are then calculated for 

each interacting pair i as shown : 

ȟ‏  
В  ȟ

        Equation 3.5 

‐ȟ  
В  ȟ

        Equation 3.6 

Next, the mean of the RMSF for each LJ parameter set K is calculated by taking the mean of the 

ȟ‏  and ‐ȟ , respectively, over all interaction pairs per molecule n : 

ȟ‏ ͺ  
В ȟ  

        Equation 3.7 

‐ȟ ͺ  
В ȟ  

        Equation 3.8 

 

The sum of the RMSF of the distances and interaction energies are then calculated for each LJ 

parameter set K for individual molecules n 

ὙὓὛὊ ȟ‏  ͺ  + ‐ȟ ͺ       Equation 3.9 

Finally, the overall RMSF of each LJ parameter set is calculated as the mean of ὙὓὛὊ for all the 

model compounds being considered as shown : 

ὙὓὛὊ  
В

         Equation 3.10 
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Figure 3.1: Interaction orientations of Oxetane (OXTN) with Ne in three different planes for: A. 

Carbon (CQ3R4A) and B. Oxygen (OQ3C4A) of 4 membered rings. OOP indicates out-of-plane, 

IP indicates in-plane-linear, and IP-LAT indicates in-plane-lateral orientations.  

3.2.2 Relation of RMSFK to ▄╡╞╒ through empirical pure solvent data 

As a part of the analysis of the parameter-correlation problem, it was important to explore if the 

RMSFK value can distinguish between two distinct sets of LJ parameters, that may yield similar 

condensed-phase properties (or Ὡ  values). To achieve this, sets with lowest Ὡ  scores from 

equal intervals of RMSFK were chosen for empirical condensed phase analysis of training set 

compounds. Some of these chosen LJ sets were also extended to the validation set compounds for 

a test of transferability and to select the final set of LJ parameters. The four different groups studied 

in this chapter are ï alkenes, 3 membered rings, 4 membered rings and nitriles, consisting of a total 

35 compounds over 10 different atom types. As described in ref 109 and Chapter 2, each of these 

35 molecules were used for the calculation of the Vm and ȹHvap for the liquid state, while two of 

them ï 2-cyanopyridine (2CYP) and 3-cyanopyridine (3CYP) which exists in the solid state at 

room temperature (298 K) were also subjected to crystal simulations for the calculation of solid 

state Vm and æHsub.
209, 211 For the pure-solvent simulations, the liquid box was comprised of 216 
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molecules, spaced at equal distances of 6 Å in each direction. The box was first equilibrated in 

CHARMM additive force field for 3.5 ns (100 ps NVT in CHARMM, followed by 400 ps in NPT 

in CHARMM and 3 ns in NAMD). The fully equilibrated additive box was then used as the initial 

configuration for the Drude simulations. Drude particles were added to the non-hydrogen atoms 

of the molecules, where a mass of 0.4 amu was transferred to the Drude particles from their real 

atoms. In addition to this, lone pair particles were added as required for the hydrogen-bond 

acceptor atoms. This was then followed by a steepest-decent (SD) minimization for 200 steps, 

where the Drude particles were allowed to relax while a harmonic force constant of 106 

(kcal/mol/Å2) was used to restrain the real atoms. This was then followed by another round of 

minimization where all particles were allowed to relax using SD for another 500 steps. The liquid 

boxes thus prepared were subjected to 100 ps equilibration in the NVT ensemble, followed by a 

400 ps equilibration in the NPT ensemble, all at 1 atm pressure and experimental temperatures (as 

listed in Appendix 1), using CHARMM as the MD engine and using the Velocity Verlet integrator 

(VV2).44 The VV2 integrator approximates the self consistent field (SCF) condition of the Drude 

particles through an extended Lagrangian dual thermostat formalism.44 A separate low temperature 

thermostat of 1 K was used for the Drude particles to ensure their relaxation according to the SCF 

regimen. After system preparation and initial equilibration in CHARMM, the liquid state MD 

simulations were continued in NAMD for 600 ps to 2 ns depending on the convergence of the 

respective systems. For the solid-state simulations, the initial crystal coordinates were obtained 

from the Cambridge Structural database 210 and replicated using the CRYSTAL module of 

CHARMM, such that for both 2CYP and 3CYP there were 32 molecules for each crystal. Drude 

particles were added to the non-hydrogen atoms as described earlier in this section and in Chapter 

2, while the simulation parameters remained the same as the liquid system. Both crystal and liquid 
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simulations were performed independently in triplicates, each starting from a different seed 

number for velocity generation. The analysis and further evaluation of the condensed-phase 

properties was also performed in CHARMM, as detailed in Chapter 2.  

 

3.3 Results and Discussions 

3.3.1 Relation of RMSFK to ▄╡╞╒  

Initial analysis involved the relationship of the RMSFK values to Ὡ  for the top 100,000 sets of 

LJ parameters for all four groups of compounds, the alkenes, 3 membered rings, 4 membered rings, 

and nitriles. These distributions are shown in Figure 3.2, where the histograms on the axis margins 

indicate the density distribution of the two observables. Ὡ  is an indicator of the quality of 

parameter set to reproduce the experimental condensed phase properties, while the RMSFK 

indicates the agreement with the variation in the MM and QM differences in rare gas-model 

compound interactions.  
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Figure 3.2: RMSFK values versus Ὡ  of the top 100,000 LJ sets generated from Brute-Force 

scan of all four groups: alkenes, 3 membered rings, 4 membered rings, and nitriles obtained from 

Chapter 2. The 1D probability distribution are shown on the respective axis margins (RMSFK in 

x-axis and Ὡ  in y-axis). The red crosses show the previously chosen final LJ parameter in 

Chapter 2. 

As seen from the figure, the overall relationship between the two observables, Ὡ  and 

RMSFK, is different for the four groups. The cutoff seen with the Ὡ  values is due to that term 

being used to select the top 100,000 compounds for each compounds class. The 1D distribution of 

RMSFK of alkenes (Figure 3.2 A) shows an almost normal distribution that is slightly skewed 

towards the small RMSFK values. In combination with the Ὡ  distribution yields a 2D 
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distribution with a high level of correlation between the two terms, although the lowest Ὡ  values 

do not fully correspond to the lowest RMSFK values.  

With the remaining three classes of compounds the patterns in the RMSFK vs. Ὡ  plots 

are significantly different where distinct clusters are present with RMSFK. With the 3 membered 

rings (Figure 3.2 B) the clusters are centered around the highest RMSFK values. The RMSFK values 

of the 4 membered rings (Figure 3.2 C) are more normally distributed though subtle RMSFK based 

clusters are present. With the nitriles (Figure 3.2 D) a large cluster is present at the lowest RMSFK 

values with several smaller clusters present at higher values. The results with these three classes 

represent the parameter correlation problem where low Ὡ  value exists for both high and low 

RMSFK. This indicates how different sets of parameters can reproduce the thermodynamic 

properties equally well, as indicated by a low Ὡ  while yielding significant differences in the 

reproduction of the gas phase data. Additional data addressing this is presented below. The red 

crosses in Figure 3.2 show the previously chosen LJ parameter sets. As described in Chapter 2, 

these sets were chosen based on low values of Ὡ  and RMSFK values from a subsample chosen 

from the top 100,000 LJ sets generated from Brute-Force sampling.  

3.3.2 Selection of LJ sets for condensed-phase simulations 

To more closely investigate the utility of RMSFK for selecting LJ parameter sets, sets with the best 

▄╡╞╒ scores from equal intervals of RMSFK were chosen for empirical condensed-phase 

evaluation. Since each group has different ranges of RMSFK values, the selection resulted in 

different number of the chosen sets. With the alkenes, the range of RMSFK values for the entire 

100,000 sets was 0.0959 to 0.2209. Partitioning this range of RMSFK values into increments of 

0.008 yields equal ranges bounded by 0.0959, 0.1039, 0.1119, 0.1199, 0.1279, 0.1359, 0.1439, 

0.1519, 0.1599, 0.1679, 0.1839, 0.1919, 0.1999, 0.2079, and 0.2159. From each of these ranges 



86 

 

the set with the lowest ▄╡╞╒ score was chosen, such that this resulted into ▄╡╞╒ score of 2.1625 

for the range of 0.0959 to 0.1039 (Table 3.1), and so on, resulting in 16 different sets for alkenes. 

For the remaining groups, 11-16 LJ parameter sets across the RMSFK range were chosen. These 

sets were then subjected to calculation of the empirical æHvap /æHsub and Vm values for the training 

set compounds of the four groups. The specific parameter set IDs, LJ parameters, ▄╡╞╒ and 

RMSFK values for all 4 groups are included in Table 3.1. Note that the 2 ȟ correspond to Rmin/2 

such that the Rmin values of atoms i and j may be summed to yield the 2 ȟȟ values used in the 

LJ function. 

Table 3.1: LJ parameter sets chosen from top 100,000 sets for alkene, 3 membered ring, 4 

membered ring, and nitrile training set compounds. Sets highlighted with bold blue text were 

subjected to pure solvent/crystal validation. 

Alkenes 

Set ID ἱ
ἒἝ Ἅ Ἃ

Ⱦἠἵἱἶȟἱ
ἒἝ Ἅ Ἃ

 

(kcal mol-1/Å) 
ἱ
ἒἝ Ἅ Ἄ

Ⱦἠἵἱἶȟἱ
ἒἝ Ἅ Ἄ

 

(kcal mol-1/Å) 
ἱ
ἍἝ Ἅ Ἃ

Ⱦἠἵἱἶȟἱ
ἍἝ Ἅ Ἃ

 

(kcal mol-1/Å) 

 

ἱ
ἍἝ Ἅ Ἄ

Ⱦἠἵἱἶȟἱ
ἍἝ Ἅ Ἄ

 

(kcal mol-1/Å) 

▄╡╞╒ RMSFK  

5903 -0.0290/1.3141 -0.0390/1.1074 -0.0628/2.0425 -0.0740/2.1671 2.1625 0.1002 

66 -0.0300/1.2967 -0.0372/1.1758 -0.0588/2.1185 -0.0701/2.1244 1.3600 0.1064 

3 -0.0301/1.2179 -0.0383/1.0857 -0.0586/2.2308 -0.0703/2.1100 1.0150 0.1161 

1 -0.0329/1.1163 -0.0370/1.0809 -0.0564/2.2253 -0.0740/2.1207 0.9625 0.1203 

2 -0.0380/1.0945 -0.0376/1.0449 -0.0564/2.2537 -0.0736/2.1296 0.9700 0.1303 

23 -0.0301/1.0483 -0.0331/1.0518 -0.0627/2.2929 -0.0718/2.0892 1.2550 0.1397 

533 -0.0316/1.3860 -0.0333/1.3499 -0.0610/2.0971 -0.0661/2.0174 1.6425 0.1477 

830 -0.0360/1.1771 -0.0367/1.3570 -0.0562/2.1557 -0.0622/2.0112 1.7125 0.1560 

1082 -0.0307/1.2465 -0.0310/1.3891 -0.0590/2.1428 -0.0696/1.9567 1.7575 0.1615 

1233 -0.0318/1.3812 -0.0386/1.3905 -0.0620/2.0739 -0.0609/1.9875 1.7825 0.1706 

1514 -0.0309/1.0508 -0.0374/1.3906 -0.0584/2.1878 -0.0650/1.9701 1.8250 0.1759 

3462 -0.0356/1.0681 -0.0306/1.3877 -0.0573/2.2286 -0.0744/1.8520 2.0100 0.1885 

7979 -0.0379/1.0372 -0.0306/1.3765 -0.0593/2.2856 -0.0757/1.8678 2.2550 0.1940 

17542 -0.0359/1.0296 -0.0294/1.3589 -0.0633/2.3031 -0.0732/1.7999 2.5500 0.2016 

45130 -0.0334/1.1510 -0.0329/1.3878 -0.0651/2.3376 -0.0652/1.7981 3.0375 0.2087 

46290 -0.0371/1.0493 -0.0376/1.3907 -0.0636/2.3425 -0.0641/1.8003 3.0525 0.2202 
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Table 3.1 continued 

 

Table 3.1: LJ parameter sets chosen from top 100,000 sets for alkene, 3 membered ring, 4 

membered ring, and nitrile training set compounds. Sets highlighted with bold blue text were 

subjected to pure solvent/crystal validation. 

 3 membered Rings 

Set ID ἱ
ἍἝ ἠ Ἃ

Ⱦἠἵἱἶȟἱ
ἍἝ ἠ Ἃ

 

(kcal mol-1/Å) 
ἱ
ἛἝ Ἅ Ἃ

Ⱦἠἵἱἶȟἱ
ἛἝ Ἅ Ἃ

 

(kcal mol-1/Å) 
▄╡╞╒ RMSFK  

46662 -0.0766/2.0731 -0.0817/1.7190 2.1800 0.1744 

20949 -0.0770/2.0711 -0.0703/1.6828 2.0800 0.1770 

12617 -0.0777/2.0728 -0.0675/1.6762 2.0375 0.1789 

2868 -0.0771/2.0738 -0.0663/1.6591 1.9775 0.1807 

72181 -0.0811/2.1339 -0.0859/1.6728 1.9350 0.1830 

6903 -0.0817/2.1344 -0.0736/1.6285 1.8425 0.1849 

56891 -0.0803/2.1247 -0.0757/1.6422 1.8000 0.1871 

67402 -0.0805/2.1243 -0.0718/1.6299 1.7300 0.1893 

7779 -0.0801/2.1162 -0.0686/1.6339 1.7025 0.1908 

11112 -0.0801/2.1177 -0.0697/1.6310 1.6850 0.1922 

0 -0.0801/2.1145 -0.0669/1.6272 1.6725 0.1937 

22223 -0.0798/2.1132 -0.0666/1.6273 1.6875 0.1955 

 4 membered Rings 

Set ID ἱ
ἍἝ ἠ Ἃ

Ⱦἠἵἱἶȟἱ
ἍἝ ἠ Ἃ

 

(kcal mol-1/Å) 
ἱ
ἛἝ Ἅ Ἃ

Ⱦἠἵἱἶȟἱ
ἛἝ Ἅ Ἃ

 

(kcal mol-1/Å) 
▄╡╞╒ RMSFK  

35333 -0.0908/1.8247 -0.1027/1.7798 5.7200 0.1333 

2667 -0.0915/1.8193 -0.1028/1.6803 4.6725 0.1352 

1548 -0.0932/1.8166 -0.1030/1.6784 4.5375 0.1372 

679 -0.1007/1.7654 -0.0984/1.6875 4.3725 0.1393 

76 -0.1047/1.7504 -0.1035/1.6780 4.0800 0.1413 

8 -0.1093/1.7215 -0.0999/1.6804 3.9275 0.1433 

14 -0.1040/1.7529 -0.1035/1.6663 3.8900 0.1447 

15 -0.1082/1.7311 -0.1007/1.6729 3.9600 0.1463 

1961 -0.1037/1.7744 -0.0940/1.6704 4.5950 0.1494 

23040 -0.0784/1.9313 -0.1022/1.6674 5.4850 0.1517 

57140 -0.0870/1.9289 -0.1029/1.6799 6.0475 0.1537 
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Table 3.1 continued 

 

Table 3.1: LJ parameter sets chosen from top 100,000 sets for alkene, 3 membered ring, 4 

membered ring, and nitrile training set compounds. Sets highlighted with bold blue text were 

subjected to pure solvent/crystal validation. 

Nitriles  

Set ID ἱ
ἍἝ Ἒ

Ⱦἠἵἱἶȟἱ
ἍἝ Ἒ

 

(kcal mol-1/Å) 
ἱ
ἚἝ Ἅ

Ⱦἠἵἱἶȟἱ
ἚἝ Ἅ

 

(kcal mol-1/Å) 
ἭἠἛἍ RMSFK  

2 -0.2133/1.6958 -0.2162/1.8362 1.9117 0.0832 

31 -0.2042/1.7199 -0.2157/1.8237 1.933 0.0893 

71 -0.1772/1.8509 -0.1873/1.7572 1.9444 0.0952 

3389 -0.1513/1.9343 -0.1846/1.6992 2.0006 0.0997 

17442 -0.1377/1.9759 -0.1865/1.6578 2.0573 0.1043 

28572 -0.1385/2.0342 -0.1750/1.6035 2.0841 0.1123 

21270 -0.1373/2.0353 -0.1838/1.6102 2.0674 0.1148 

21986 -0.1377/2.0446 -0.1867/1.6043 2.0692 0.1207 

9594 -0.1391/2.0804 -0.1884/1.5712 2.0324 0.1265 

4908 -0.1380/2.0886 -0.1737/1.5350 2.0105 0.1336 

717 -0.1371/2.0969 -0.1837/1.5373 1.9711 0.1361 

321 -0.1398/2.1116 -0.1907/1.5332 1.9607 0.1439 

69 -0.1386/2.1141 -0.1947/1.5340 1.9442 0.145 

7146 -0.1444/2.1287 -0.1981/1.5367 2.022 0.1496 

98532 -0.1784/2.1265 -0.1552/1.5325 2.1854 0.1548 

Figure 3.3 shows the relation between both predicted and empirical Ὡ  values and 

RMSFK for the chosen LJ sets for training compounds of the alkenes, 3 membered rings, 4 

membered rings, and nitriles. The predicted Ὡ ȟ  values are based on the DNN predicted 

æHvap /æHsub and Vm of the training set compounds, while the empirical Ὡ ȟ  is based on the 

MD calculated properties. As seen from figure 3.3, the predicted versus empirical values of Ὡ  

show good correlation for the alkenes ( R2 Ὡ ȟ  to Ὡ ȟ  = 0.96), 4 membered rings (R2 = 

0.92) and nitriles (R2 = 0.81) while the correlation is substantially diminished with the 3 membered 

rings (R2 = 0.18). Al though the correlation of Ὡ ȟ  to Ὡ ȟ  in 3 membered rings is low, 

as seen from Figure 3.3 B, the differences between the values only range from 0.01 to 0.50, similar 

to the differences seen for the other groups where larger ranges of Ὡ  occur over the RMSFK 
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range. Thus, the DNN predicted Ὡ  values may be considered a reliable although not exact 

predictor the MD-based empirical values. 

 
Figure 3.3: A scatter chart of the predicted and empirical ▄╡╞╒ to RMSFK in all four groups ï 

alkenes, 3 membered rings, 4 membered rings, and nitriles. 

Next, to extend this test to directly analyze the parameter correlation problem and to 

identify LJ parameters that may better transfer from the training set to the validation set compounds 

than those selected in Chapter 2, a subset of 3-4 LJ sets from the 11-16 sets from each group were 

selected and extended to the validation set compounds. The selected LJ sets were chosen to have 

different combinations of Ὡ  and RMSFK. With the alkenes and 4 membered rings, which have 

well defined minimum Ὡ ȟ  the set with the lowest Ὡ ȟ , was selected along with sets that 
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covered the range of RMSFK. With the 3 membered rings and nitriles there are multiple LJ sets 

with low Ὡ ȟ  values, such that low Ὡ  sets with the various RMSFK values were selected. 

The LJ parameters of these sets were analyzed, and pure solvent/crystal simulations of the 

validation set compounds were calculated for all four groups. 

Parameter correlation occurs when multiple parameters related to the same physical 

phenomena can assume different values while yielding the same physical properties, in the present 

case the condensed phase properties. Table 3.2 presents the  and 2 ȟ values for the selected 

LJ parameter sets along with the maximum differences between the same parameter across 

different sets in each group. As seen from the table, 2 ȟ  in alkenes shows a maximum 

difference of ~0.37 Å, between the first and the last sets in the table, while  shows a 

difference of 0.01 kcal/mol between those two sets. Notably, the difference in 2 ȟ  between 

the first and last set, -0.37 Å, is associated with a difference of 0.30 Å for 2 ȟ  directly showing 

parameter correlation. Similarly with the hydrogens, 2 ȟ  changes by -0.26 Å while 

2 ȟ changes by 0.28 Å. These differences in the radii are indicated by the differences in their 

RMSFK while their Ὡ  values are similar. Such trends are also seen in the other three groups. 

With the nitriles 2 ȟ increased by 0.41 Å upon going from the first to third set while 2 ȟ  

decreases by 0.21 Å, changes that are mirrored in the RMSFK values while the Ὡ  values are 

similar. For the 3 membered rings, the maximum difference amongst the radii is relatively small 

(2 ȟ  ~0.09 Å) as are those for the well depths is ï (  < 0.01 kcal/mol). However, the 

trends of an increase in the radii for one atom type (compare sets 1 and 4) is balanced by those on 

a second atom is still present. Notably, even though the differences in the epsilon values are smaller 

the correlation is still evident. For example, the increase in  in the alkenes between sets 1 
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and 4 and the decrease in  is observed. Although the 3 membered rings show a lower 

difference in the radius as compared to the alkenes, the subtilities are enough to be captured by 

RMSFK. The observations are similar for 4 membered rings, where the differences of the radius 

and well depths across LJ sets with mid-range to the highest RMSFK are well captured. Overall, 

the results in Table 3.2 clearly shows the presence of the parameter correlation problem. 

Importantly, changes in the RMSFK values for the different parameters sets for each of the groups 

is evident indicating the utility of that metric for differentiating between sets that yield similar 

Ὡ  values.  
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Table 3.2: Selected LJ parameter sets and their DNN-estimated ▄╡╞╒ and the ab-initio metric 

RMSFK. Sets were selected to have low, mid-range and high RMSFK. 
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3.3.3 Contributions of individual compounds and atom types to error metrics 

In the previous section the role of the correlation of parameters in complicating the selection of 

final LJ parameters based on the ▄╡╞╒ and RMSFK metrics was presented. A second major 

challenge to parameter optimization is the contributions of the individual compounds to  

Ὡ  and specific atom types and interaction orientations to the RMSFK metric. In the case of  

Ὡ , are the developed LJ parameters transferable amongst the training set and validation 

compounds? RMSFK is the gas-phase metric based on multiple rare gas-model compound 

interaction orientations for each compound. With RMSFK are certain atom types, as probed by 

specific interaction orientations, particularly problematic with respect to identifying optimal 

parameters? In addition, imbalances in the treatment of the latter are of utility in identifying 

limitations in the inherent approximation of using spherical atoms in the context of the LJ function 

to model the vdW surfaces of atoms in molecules. 

3.3.3.1 Contribution of individual model compounds to the ▄╡╞╒ȟ▄□▬  

The Ὡ  values are based on the weighted differences between the calculated and experimental 

condensed phase properties over all the training set compounds for each selected parameter set K. 

Figures 3.4 presents the absolute average difference in the ȹHvap and Vm terms that contribute to 

the Ὡ  values over the training set molecules for the selected LJ parameter sets K for the alkenes 

(Figure 3.4 A-B), 3 membered rings (Figure 3.4 C-D), 4 membered rings (Figure 3.4 E-F), and 

nitriles (Figure 3.4 G-H). The green error bars in the figures indicate standard error over the 

training set compounds in each class. As is evident, the error bars are relatively large, indicating 

the differences between calculated and experiment varied substantially between the individual 

training set compounds, such that one or more of the individual compounds dominate the Ὡ  

values. 
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Figure 3.4: Absolute average differences of selected parameter sets (K) for molecular volume 

(ὠ ) of ( A, C, E and G) and heat of vaporization (Ў(  ÏÒ Ў(  ) for alkenes (A-B) and 3 

membered rings (C-D), 4 membered rings (E-F) and nitriles (G-H), with green errors bars 

representing standard error per group. Previously chosen ñfinalò data points are marked with (*) 

with blue lines as their standard error. 

 



95 

 

Figure 3.4 continued 

Figure 3.4: Absolute average differences of selected parameter sets (K) for molecular volume 

(ὠ ) of ( A, C, E and G) and heat of vaporization (Ў(  ÏÒ Ў(  ) for alkenes (A-B) and 3 

membered rings (C-D), 4 membered rings (E-F) and nitriles (G-H), with green errors bars 

representing standard error per group. Previously chosen ñfinalò data points are marked with (*) 

with blue lines as their standard error. 

 

Subsequent analysis focused on identifying the specific compounds that contributed the 

largest differences in the ȹHvap and Vm properties that comprise the Ὡ  values. Shown in Figure 

3.5 are the absolute differences in Vm and ȹHvap for the individual training set compounds for the 

different LJ parameter sets K selected based on RMSFK. In general, specific compounds make the 

largest contributions to the differences in the condensed phase properties. With the alkenes the 

contributions to the differences are relatively well balanced with the larger contributions coming 
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from ethene (ETHE) and 2-butene (2BTE), typically with the parameters sets with the larger 

RMSFK values. Thus, with the alkenes RMSFK is of utility in identifying LJ sets that better balance 

the contributions of individual model compounds to the overall agreement with the condensed 

phase properties. In contrast, as seen from Figure 3.5 C-D, for the 3 membered rings 2,2-dimethyl 

oxirane (22DMOX) dominates the differences in ὠ  at lower RMSFK values while 1-epoxide 

(1EOX) is responsible for the high ЎὌ  (~1.39 kcal/mol) difference for the full range of RMSFK 

values. For the 4 membered rings, the patterns of differences are similar to those of the alkenes, 

with no individual compound systematically dominating the contributions. There is a tendency for 

ethylcyclobutane (ECBU) to make the largest contributions to the Vm values and cyclobutane 

(CBU) to make larger contributions to the differences in the ȹHvap values; however, those 

differences are not substantially larger than the other compounds and do not dominate across the 

RMSFK selected parameter sets. In nitriles, as seen in Figure 3.5 (G-H), 2-cyanopyridine (2CYP 

liquid state) and cyclopentane carbonitrile (CPCN) majorly contribute to dominate the large 

differences in ὠ , while 2CYP (solid state, crystal) is the major contributor to the differences in 

the ЎὌ /ЎὌ  properties. Of all the compounds in the training data over all groups of 

compounds, 2CYP in solid state makes the largest contribution to the energetic difference where 

ЎὌ  of 2CYP consistently showed a difference of 1.5 to 2 kcal/mol, while all other molecules 

in that class, as well as 2CPY in the liquid state, showed a low absolute difference of 0-0.5 

kcal/mol.  

Overall, for the different groups studied, most of the compounds made similar 

contributions to the Vm and ȹHvap differences and accordingly, to the Ὡ  values used for selection 

of the LJ parameter sets. However, with the 3 membered rings and nitriles, specific compounds 

make systematically larger differences to the Ὡ  values. This suggests the possibility that 
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limitations in the experimental data may be present. This could include problems with the 

conditions under which the experimental data were obtained. For example, the solid state Ў(  

and the liquid state Ў(  for 2CYP were experimentally obtained at the same temperature of 

298.15 K and 1atm pressure, as reported in the same reference, while the melting temperature of 

2CYP is 301 K.211 It is intriguing how the two separate properties Ў(  and Ў(  were actually 

derived at the same temperature, when at 298.15 K, the compound exists in the crystalline state. 

This was also true for the validation compound 3-cyanopyridine (3CYP), for which the 

experimental reference (ref 211) is the same. Interestingly, as reported by a more recent experiment, 

as in ref 209, the crystals of 2CYP and 3CYP were obtained at 150 K due to the high instability of 

the molecules at room temperature. If the states of these cyanopyridines were too unstable to 

crystallize at room temperature, could the earlier reference (ref 211) be relied for the optimization 

of FF parameters? Hence, such discrepancies in the properties of both solids motivated inclusion 

of the liquid states of both these molecules in the training and validation set compounds. While 

the solid state Vm of both 2CYP and 3CYP were empirically calculated at 150 K, the Ў(  of 

both molecules were empirically calculated at 298 K. Similar problems have previously been 

reported for N-methyl acetamide where it was shown that MD simulations at different 

temperatures were required to target well-defined experimental Vm and ȹHvap pure solvent 

properties.254 
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Figure 3.5: Absolute differences in molecular volume of ( A, C, E and G) and heat of vaporization 

(B, D, F and H) for all training set molecules of alkenes, 3 membered rings, 4 membered rings, 

and nitriles. 

 

 

 

 

 



99 

 

Figure 3.5 continued

 

Figure 3.5: Absolute differences in molecular volume of ( A, C, E and G) and heat of vaporization 

(B, D, F and H) for all training set molecules of alkenes, 3 membered rings, 4 membered rings, 

and nitriles. 
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3.3.3.2 Model compound, atom type and interaction orientation contributions to RMSFK 

RMSFK is the ab initio QM based metric used to facilitate selection of the LJ parameter sets 

introduced to account for the presence of parameter correlation. The metric, as shown in equations 

3.1 to 3.10, is similar to that previously used in CHARMM force field development,120-122 was 

designed to take into account the balance of the LJ parameters themselves such that the interactions 

between different atoms in the molecules associated with different LJ parameters being optimized 

are also balanced. As ab initio data does not typically produce energies for van der Waals 

interactions that will directly yield agreement with experimental data for condensed phase 

properties due to limited treatment of dispersion255-257, the RMSFK metric is based on the variation 

of the difference between QM and MM rare-gas minimum interaction energies and distances. This 

allows for the interactions to all be systematically offset such that the model yields experimental 

condensed phase properties. Thus, in the case of the offset being identical for all atom types and 

interactions orientations (in-plane linear, in-plane lateral and out-of-plane) for the training set 

compounds RMSFK would equal zero. In practice, this balance is never achieved, where specific 

atom types and interaction orientations dominate the RMSFK value. Accordingly, analysis was 

undertaken to understand the individual atom type and interaction orientation contributions to the 

RMSFK values. 

3.3.3.2.1 Contributions of ἠἙἡἐἶ
ἕ of each model compound to RMSFK 

The initial analysis to understand the relationship between the gas-phase error metric RMSFK and 

its composite observables for both interaction energy and distances focused on the contribution of 

the individual training set compounds. As depicted in equation 3.10, RMSFK is the mean of the 

2-3& of the training set molecules of a group. 2-3& is the sum of the root mean square of 

differences in the interaction distance ( ‏ȟ ͺ ) and interaction energies ( ‐ȟ ͺ ), 
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where K denotes the LJ set and n denotes the individual molecule (equation 3.9). Equations 3.1 to 

3.8 show how ‏ȟ ͺ  and ‐ȟ ͺ  are derived from the differences between the ab-

initio interaction distances and energies, at different orientations of interactions of the optimizable 

atom types with He and Ne.  

 

 

Figure 3.6: Relationship between RMSFK and its contributing factors ╡╜╢╕▪
╚ per molecule, and 

♯▪ȟ□▄╪▪ͅ►□▼█
╚  and Ⱡ▪ȟ□▄╪▪ͅ►□▼█

╚  per molecule in all four groups ï alkenes (A-C), 3 membered rings 

(E-G), 4 membered rings (H-J) and nitriles (K-M). 
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Figure 3.6 continued 

 

Figure 3.6: Relationship between RMSFK and its contributing factors ╡╜╢╕▪
╚ per molecule, and 

♯▪ȟ□▄╪▪ͅ►□▼█
╚  and Ⱡ▪ȟ□▄╪▪ͅ►□▼█

╚  per molecule in all four groups ï alkenes (A-C), 3 membered rings 

(E-G), 4 membered rings (H-J) and nitriles (K-M). 
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 Figure 3.6 (A,D G and J) shows the relationship between the final RMSFK and its 

contributing factor per model compound 2-3&, for all four groups, while Figure 3.6 (B-C, E-

F,H-I and K-L) help understand the relationship of RMSFK with the individual components of 

interaction ï i.e. the interaction distances (‏ȟ ͺ ) and energies (‐ȟ ͺ ) per molecule. 

In the case of the alkenes (Figure 3.6 (A-C)), ethene (ETHE) has the largest contribution at higher 

RMSFK, where both the distance (‏ȟ ͺ ) and energies (‐ȟ ͺ ) are higher compared 

to the other three molecules. Larger contributions occur with propene (PRPE) and 1-butene 

(1BTE) at low to mid-range RMSFK. This suggests limitations in the treatment of the terminal CH2 

groups and associated atom types, as described below. For 3 membered rings, Figure 3.6 (D-F), 

cyclopropane (C3) makes the highest contribution to RMSFK, followed by 2,2-dimethyl oxirane 

(22DMOX). These two compounds dominate the distance metric. C3 also dominates ‐ȟ ͺ  

followed by methyl cyclopropane (MC3). These results again indicate challenges in the treatment 

of the methylene CH2 moieties (CQ32A atom type). 2-3& for the 4 membered rings (Figure 3.6 

G-I) shows cyclobutane (CBU) to dominate, which also occurs with ‏ȟ ͺ . Interestingly, 

CBU makes the lowest contribution to ‐ȟ ͺ . These results again indicate an issue with the 

treatment of the CH2 moiety due to the distance criteria. Notably, the large contributions of the 

terminal CH2 moieties of the alkenes and 3 membered rings, respectively, to RMSFK occur with 

the distance term. In the nitriles (Figure 3.6 J-L) 2-3& of all molecules progressively increase 

with increasing RMSFK, with that trend also occurring in ‏ȟ ͺ , where 2CYP and 

benzonitrile (BZCN) have the highest contributions. In contrast, the ‐ȟ ͺ  values typically 

decrease as RMSFK increases with cyclopentane carbonitrile (CPCN) making the largest 

contribution. Thus, with the nitriles the compounds with the larger substituents make the largest 

contributions to RMSFK. Thus, most of the RMSFK trend-influencing molecules except for nitriles, 
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are the simplest and smallest in their groups, ETHE (for alkenes), C3 ( 3 membered rings) and 

CBU ( 4 membered rings) with the dominant contributor being the distance metric, ‏ȟ ͺ . 

To further investigate the dominant contributions in more detail, the individual interactions 

energies and distances of the different interaction orientations of were also investigated and is 

detailed below.  

3.3.3.2.2 Impact of interaction distances and energies as a function of orientation on 

RMSFK 

Absolute differences in the minimum interaction distances (‏ ) and energies (‐) over all the 

interaction orientations with both He and Ne are shown in Figure 3.7 to 3.10 for all the studied 

groups. The analysis is limited to the molecules dominating the RMSFK of each group. In general, 

the out-of-plane distance typically dominate the 2-3& values and progressively increase as the 

overall RMSFK increases. In case of alkenes (Figure 3.7), ETHEós out-of-plane ‏  for both carbon 

(CQ2C1B) and hydrogen (HQ1C1B) dominated the trend, while the in-plane ‏  stayed the same 

or progressively decreased (Figure 3.7 A-D). These values are larger than those obtained with 

2BTE (Figure 3.7 E-G) supporting the observation that fitting the terminal CH2 moiety is more 

problematic than internal CH moieties. Interestingly, with ETHE trends in ‏ directly correlate 

with 2 ȟ  where a radius of ~1.1 Å depict balanced in-plane and out-of-plane interactions for 

LJ parameter sets with low to midrange RMSFK (0.1002 to 0.1303), and are inversely correlated 

with the 2 ȟ , where balanced interactions existed for a radius of ~ 2.0 to 2.1 Å. As seen from 

the 2D contour plots for the LJ parameters in alkenes RMSFK in Appendix 33, these ranges also 

produced the lowest range of RMSFK. This is a classic example of the parameter correlation 
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problem, where the magnitudes of two atom types compensate each other to reproduce the 

condensed phase properties, their gas phase properties progressively deteriorate.  

As seen from Figure 3.8, 3 membered rings also showed a similar trend, where out-of-

plane interactions of carbon (CQ3R3A) in C3 contributed the most to RMSFK, while fluctuating 

only slightly with respect to RMSFK. Out-of-plane interactions involving the oxygen, OQ3C3A 

atom type, where also the largest with 22DMOX (Figure 3.8 E-H). As seen in the 2D contour plots 

in Appendix 34 ï plot C, a 2 ȟ  below 2.08 Å combined with 2 ȟ  of 1.72 ï 1.74 Å yielded 

the lowest RMSFK. These results again indicate that accurate treatment of out-of-plane interactions 

of CH2 moieties in the 3 membered rings is problematic (compare Fig 3.8 B and F) in the simplest 

model compounds. In addition, the out-of-plane differences of the CH2 moieties with the 3 

membered rings are larger than those with the 4 membered rings (see below) suggesting a 

contribution of the strained nature of the 3 membered rings on their vdW interactions with the 

environment. 

For 4 membered rings the fluctuating trend of RMSFK, 2-3& and ‏ȟ ͺ  correlated 

with the higher in-plane (linear and lateral) interaction distance differences (Fig. 3.9). The largest 

contribution was from CBU, while other members such as OXTN and ECBU also contributed to 

this trend. This contrasts both the alkenes and 3 membered ring groups, where the out-of-plane 

interactions made the largest contributions to RMSFK. This is consistent with a fundamental 

difference in the nature of the vdW interactions of the different classes of molecules, as note in the 

previous paragraph. The sp2 hybridization of the carbons in the alkenes and with the 3 membered 

rings due to their strained nature, as previously discussed,258-260 appears to contribute to this versus 

the sp3 character of the 4 membered ring carbons.  
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In nitriles, the highest contribution to RMSFK came from ‏ȟ ͺ  of 2CYP due to 

both in-plane and out-of-plane interactions of He and Ne with both carbon and nitrogen atom types 

(Figure 3.10). Note that there is only one possible type of in-plane interaction possible for nitrile 

carbon (CQ1N1) due to the sp1 hybridization state, which is in-plane-lateral. Since CQ1N1 is 

adjacent to the nitrile nitrogen (NQ2C1) and the system being conjugated leads to considerable 

contributions from the nitrogen lone pair to the vdW character of the carbon. The N atom 

contributes some of the largest difference to the distance terms especially at larger RMSFK values. 

Interesting this occurs with both the out-of-plane and in-plane linear interaction for acetonitrile 

while the differences in much larger with the in-plane linear interactions in 2CYP, indicating 

substantial contribution of conjugation of the nitrile with the aromatic ring to the vdW surface of 

the molecule. This is also an example of the limitations of the spherical atom-based LJ model used 

to treat conjugated systems in empirical force fields.  

From this analysis, several general observations may be made. The LJ parameter sets with 

low to mid-range RMSFK generally yield balanced gas-phase behavior for the different interaction 

orientations. At the large RMSFK values, the difference in the distance related terms tend to make 

larger contributions, a result that could indicate limitations with the use of the LJ energy function 

to treat vdW interactions due to the r12 repulsive term, as discussed in previous studies.24, 86, 115, 261-

263 Notably, the use of rare gases to monitor local details of vdW interactions will be of use for 

investigating the use of alternate functions to treat vdW interactions, including the possibility of 

non-spherical functions. Finally, the present analysis indicates that specific molecules in the 

training and validation sets are difficult to fit. There could be several sources of such difficulties. 

In the present study a subset of compounds in each of the studied groups, except alkenes, includes 

a heteroatom, which could make obtaining agreement with experimental data challenging, even 
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with specific atom types for those atoms being included in the fitting. Alternatively, there could 

be a lack of clarity of the experimental conditions that make direct comparisons between 

calculations and experiment even complex. Finally, the possibility that the experiments are 

incorrect cannot be totally excluded. All these issues represent aspects that point to the challenge 

of performing optimization of models to treat vdW interactions in empirical force fields.  
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Figure 3.7: Bar charts showing distance and energy contributions from of ethene (ETHE) and 2-

butene (2BTE) to RMSFK of alkenes 
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Figure 3.8: Bar charts showing distance and energy contributions from cyclopropane (C3) and 

2,2-dimethyl oxirane (22DMOX) to RMSFK of 3 membered cyclic rings. 
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Figure 3.9: Bar charts showing distance and energy contributions from of cyclobutane (CBU) and 

oxetane (OXTN) to RMSFK of 4 membered cyclic rings. 
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Figure 3.10: Bar charts showing distance and energy contributions from of acetonitrile (ACN) 

and 2-cyanopyridine (2CYP) to RMSFK of nitriles. 

 

3.3.4 Selection of improved LJ parameter set for the compound groups 

As the present study included analysis of the full top 100,000 LJ parameter sets selected for each 

compound group based in the Ὡ  term, we reconsidered selection of the final parameters sets for 
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future use in the Drude force field. Figure 3.4 above includes results for the previously chosen LJ 

parameter sets. As described in Chapter 2, these sets were chosen based on lowest RMSFK value 

from a subsample chosen from the top 100,000 LJ sets generated from Brute-Force sampling, with 

the subsample selected from clustering based on specific ranges of LJ parameters. The present 

study extended the RMSFK analysis to all of the top 100,000 LJ parameters sets selected based on 

the Ὡ  metric for each class of compounds. As may been seen in Figure 3.4 the previously chosen 

final parameters belonged to the low to mid-range RMSFK values and their Ὡ  values were not 

necessarily lowest in the entire 100,000 sets.  

To determine if improved parameters could be identified, the subset of LJ parameter sets 

presented in Table 3.2 were applied to the validation set compounds. Presented in Table 3.2 are 

the Ὡ ,emp results for all the new LJ sets along with that from the initial set selected from the 

previous study, for the validation set compounds. We chose the Ὡ  metric as it accounts for the 

ability of the parameters to treat both the Vm and æHvap /æHsub properties using the previously 

described weighting scheme. In addition, the table include the RMSFK data along with the specific 

LJ parameters ‐ and Ὑ ȟ. With the alkenes, the initial sets have the top Ὡ  values with the 

RMSFK value being in the low range although not the lowest of the tested sets. This set will 

currently be maintained as the LJ parameter set for the alkenes. Two improved sets are identified 

based on Ὡ  for the 3 membered rings. One set, 56891, shows a significant improvement in Ὡ  

with a degradation of RMSFK from 0.1804 to 0.1871. This set was selected as the top current set 

given the significant improvement in Ὡ  versus set 2868 which has improved RMSFK but a 

poorer Ὡ . With the 4 membered rings a significant improvement in Ὡ  from 9.01 to 6.79 and 

6.85 was achieved; thus, the corresponding set, 35333, was selected as the current final LJ set 

given the substantial improvement in the RMSFK over 23040 and the initial. With the nitriles, the 
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initial set was notably better than any of the new sets based on both Ὡ  and RMSFK values, such 

that it will be maintained as the LJ parameter set for the nitriles.  

Table 3.3: LJ parameters, ▄╡╞╒ empirical and RMSFK values for the validation set compounds 

for alkenes, 3 membered rings, 4 membered rings, and nitriles for the final selected LJ parameter 

sets. *RMSFK denotes the RMSF of the corresponding set calculated from the training set 

molecules. 

Alkenes Validation Set 

Set 

ID  

ἱ
ἒἝ Ἅ Ἃ

Ⱦἠἵἱἶȟἱ
ἒἝ Ἅ Ἃ

 

(kcal mol-1/Å) 

ἱ
ἒἝ Ἅ Ἄ

Ⱦἠἵἱἶȟἱ
ἒἝ Ἅ Ἄ

 

(kcal mol-1/Å) 

ἱ
ἍἝ Ἅ Ἃ

Ⱦἠἵἱἶȟἱ
ἍἝ Ἅ Ἃ

 

(kcal mol-1/Å) 

 

ἱ
ἍἝ Ἅ Ἄ

Ⱦἠἵἱἶȟἱ
ἍἝ Ἅ Ἄ

 

(kcal mol-1/Å) 

▄╡╞╒ȟ▄□▬ȟ○╪■▀▪ 
RMSF

K 

5903 -0.0290/1.3141 -0.0390/1.1074 -0.0628/2.0425 -0.0740/2.1671 9.7575 0.1002 

1 -0.0329/1.1163 -0.0370/1.0809 -0.0564/2.2253 -0.0740/2.1207 10.8600 0.1203 

Initial -0.0371/1.1070 -0.0375/1.3388 -0.0676/2.2680 -0.0649/2.0542 8.5775 0.1243 

1514 -0.0309/1.0508 -0.0374/1.3906 -0.0584/2.1878 -0.0650/1.9701 9.8225 0.1759 

4629

0 -0.0371/1.0493 -0.0376/1.3907 -0.0636/2.3425 -0.0641/1.8003 13.1300 0.2202 

 3 membered Rings Validation Set 

Set 

ID  
ἱ
ἍἝ ἠ Ἃ

Ⱦἠἵἱἶȟἱ
ἍἝ ἠ Ἃ

 

(kcal mol-1/Å) 
ἱ
ἛἝ Ἅ Ἃ

Ⱦἠἵἱἶȟἱ
ἛἝ Ἅ Ἃ

 

(kcal mol-1/Å) 
▄╡╞╒ȟ▄□▬ȟ○╪■▀▪ 

RMSF
K 

4666

2 
-0.0766/2.0731 -0.0817/1.7190 

11.6925 0.1744 

Initial -0.0778/2.0719 -0.0711/1.7003 11.6725 0.1804 

2868 -0.0771/2.0738 -0.0663/1.6591 11.1500 0.1807 

6903 -0.0817/2.1344 -0.0736/1.6285 11.0475 0.1849 

5689

1 
-0.0803/2.1247 -0.0757/1.6422 

10.5700 0.1871 

2222

3 
-0.0798/2.1132 -0.0666/1.6273 

12.2050 0.1955 

 4 membered Rings Validation Set 

Set 

ID  
ἱ
ἍἝ ἠ Ἃ

Ⱦἠἵἱἶȟἱ
ἍἝ ἠ Ἃ

 

(kcal mol-1/Å) 
ἱ
ἛἝ Ἅ Ἃ

Ⱦἠἵἱἶȟἱ
ἛἝ Ἅ Ἃ

 

(kcal mol-1/Å) 
▄╡╞╒ȟ▄□▬ȟ○╪■▀▪ 

RMSF
K 

3533

3 -0.0908/1.8247 -0.1027/1.7798 6.8500 0.1333 

8 -0.1093/1.7215 -0.0999/1.6804 8.5800 0.1433 

Initial -0.1040/ 1.7529 -0.1035/ 1.6663 9.0100 0.1447 

1961 -0.1037/1.7744 -0.0940/1.6704 9.6100 0.1494 

2304

0 -0.0784/1.9313 -0.1022/1.6674 6.7900 0.1517 
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Table 3.3  continued 

 

Table 3.3: LJ parameters, ▄╡╞╒ empirical and RMSFK values for the validation set compounds 

for alkenes, 3 membered rings, 4 membered rings, and nitriles for the final selected LJ parameter 

sets. *RMSFK denotes the RMSF of the corresponding set calculated from the training set 

molecules. 

Nitriles Validation Set 

Set 

ID  
ἱ
ἍἝ Ἒ

Ⱦἠἵἱἶȟἱ
ἍἝ Ἒ

 

(kcal mol-1/Å) 
ἱ
ἚἝ Ἅ

Ⱦἠἵἱἶȟἱ
ἚἝ Ἅ

 

(kcal mol-1/Å) 
▄╡╞╒ȟ▄□▬ȟ○╪■▀▪ RMSFK  

Initial -0.2125/ 1.6478 -0.2198/ 1.8392 6.6575 0.0844 

31 -0.2042/1.7199 -0.2157/1.8237 9.2247 0.0893 

21270 -0.1373/2.0353 -0.1838/1.6102 7.7008 0.1148 

98532 -0.1784/2.1265 -0.1552/1.5325 6.9869 0.1548 

 

The contributions of the Vm and ȹHvap terms for the different LJ parameters sets included 

in Table 3.2 are shown in Figure 3.11. The initial set with the alkenes gives improved Vm values 

though the new sets have improved ȹHvap values (Table 3.2 and Figure 3.11 A-B). The opposite 

occurs with the 3 membered rings where the new sets have improved Vm values while sacrificing 

ȹHvap (Table 3.2 and Figure 3.11 C-D). With the 4 membered rings there is both improvement and 

degradation with the agreement in the Vm values, though the ȹHvap values are systematically in 

better agreement with experiment with the new parameter sets (Table 3.2 and Figure 3.11 E-F). 

And with the nitriles the initial parameters give substantially better Vm values with the ȹHvap 

results being similar for all the parameters sets (Table 3.2 and Figure 3.11 G-H). While improved 

LJ parameters sets have been identified, they do not show clear improvements for all the condensed 

phase properties. 
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Figure 3.11: Absolute average differences of validation sets of selected parameter sets (K) for 

molecular volume (ὠ ) of ( A, C, E and G) and heat of vaporization (ЎὌ ) (B, D, F and H) for 

alkenes, 3 membered rings, 4 membered rings and nitriles. Error bars in green show standard error 

over training molecules. The red stars indicate results from previously chosen final parameters in 

Chapter 2, and their blue bars indicate their standard error within the group.  
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Figure 3.11 continued 

 
Figure 3.11: Absolute average differences of validation sets of selected parameter sets (K) for 

molecular volume (ὠ ) of ( A, C, E and G) and heat of vaporization (ЎὌ ) (B, D, F and H) for 

alkenes, 3 membered rings, 4 membered rings and nitriles. Error bars in green show standard error 

over training molecules. The red stars indicate results from previously chosen final parameters in 

Chapter 2, and their blue bars indicate their standard error within the group.  

 

The final analysis involved the contribution of individual validation set molecules to the 

absolute average differences for the Vm and ȹHvap results. As seen in Figure 3.12 (previously 

chosen sets denoted by magenta boxes), specific compounds still have substantially poorer 

agreement with the experimental data. Cyclohexene is particularly problematic with the alkenes; 

this molecule also gave poor agreement with the hydration free energies in the previous study. 
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Note that the variations in the absolute differences of Vm of cyclohexene is consistently higher for 

all sets, except at the lowest RMSFK value of 0.1002, where the absolute difference is consistent 

with those of other validation set alkenes (Figure 3.12 A). On the other hand, the changes in ȹHvap 

consistently remain similar as the previously chosen set (Figure 3.12 B), except 3-hexene (3HEX), 

which had a higher difference in the previously chosen set. For the 3 membered rings, the trends 

of contribution remained comparable for most molecules, some molecules also have slightly 

improved quality of Vm. In case of 4 membered rings, Vm of cyclobutanol (CBOL) makes the 

highest contribution to the overall ▄╡╞╒ȟ▄□▬ȟ○╪■▀▪ as depicted in Table 3.2 and Figure 3.12 E, where 

the initial chosen parameter set had a slightly lower variation. While the difference in ȹHvap of 

CBOL for the previously chosen set was lower than newly tested sets, the ȹHvap of other molecules 

was higher.  

  Hence, the sets tested in this present study have a more balanced representation of the 

experimental thermodynamic properties, especially those for LJ sets with low to midrange 

RMSFK. Similar to CHXE of alkenes, Vm of cyclohexane carbonitrile (CHXC) had the highest 

contribution in the ▄╡╞╒ȟ▄□▬ȟ○╪■▀▪(Table 3.2), and as seen from Figure 3.12 G, where the 

contributions from all molecules remained consistent for all LJ sets. This once again highlights the 

probable contributions coming from the CH2 groups of molecules like cyclohexene and 

cyclohexane carbonitrile as discussed above. 

Overall, while the properties of all training and validation set molecules for alkenes and 

nitriles remained mostly consistent, there are better parameter sets identified for 3 and 4 

membered ring compounds. Additionally, the present study also delineated the contributing 

factors for both the metrics Ὡ  ï for condensed phase and RMSFK ï for gas-phase properties.  
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Figure 3.12: Individual contributions from the validation set molecules for the chosen LJ sets for 

all four groups alkenes, 3 membered rings, 4 membered rings and nitriles. The sets enclosed in 

dotted magenta boxes indicated the previously chosen LJ sets. 
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Figure 3.12 conitnued 

 
Figure 3.12: Individual contributions from the validation set molecules for the chosen LJ sets for 

all four groups alkenes, 3 membered rings, 4 membered rings and nitriles. The sets enclosed in 

dotted magenta boxes indicated the previously chosen LJ sets. 

 

3.4 Conclusion 

Optimization of the LJ parameters is one of the most challenging aspects of empirical FF 

development which must be optimized based on multiple molecules sharing the chemical 

functionality but with decent chemical variability. Such a process thus becomes the subject of the 

ñcurse of dimensionality,ò where increase in the number of the atom types makes the problem even 

more complex. To overcome such challenges, we developed a method utilizing Latin Hypercube 
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Design (LHD) to sample a wide range of LJ parameters and harnessing DNN to learn the non-

linear relationships between the input LJ parameters and the output thermodynamic properties of 

the training set molecules. Once trained, the model is used for a high throughput prediction of 

thermodynamic properties of 10 million sets. Scanning a huge range of parameters of a complex 

multidimensional space made evident the problem of parameter correlation. In earlier studies, such 

a problem where distinct sets of parameters yields similar thermodynamics properties, was 

resolved utilizing both gas-phase and condensed-phase properties to select the final parameters. 

Thus, to overcome such a problem, the final parameters were chosen based on both gas-phase and 

included in this selection. While the chosen sets showed considerable transferability to the 

validation set compounds, it was not clear if the parameter-correlation problem was still limiting 

the quality of the validation set compounds. Therefore, to understand the problem of parameter 

correlation and in anticipation of finding better parameters, we extended the work detailed in 

Chapter 2 and ref 109 and expanded the final selection process to the entire 100,000 LJ sets. To 

investigate the correlation between the two observables, Ὡ  for the condensed phase and RMSFK 

for the gas-phase, we selected 11-16 sets with low Ὡ  in every range of RMSFK of the top 

100,000 sets and subjected them to pure-solvent/crystal simulations. Furthermore, the test was also 

extended to the validation set molecules by choosing 3-4 selected parameters from these 11-16 

sets.  

From this analysis, we observed that the problem of parameter correlation is inevitable 

when scanning a large range of LJ parameter sets, especially when the training set is composed of 

molecules with varying chemical connectivity. However, it is possible to obtain a balanced set of 

parameters by choosing sets from low to mid-range RMSFK, along with lowest possible Ὡ  from 

such ranges. Doing so ensures most optimal quality of parameters which are balanced in both gas-
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phase and condensed phase in representing each individual molecule as well representing the entire 

functional group. Since our earlier selection was already based on such a criterion, we confirmed 

that the quality of the parameters we already chose were optimal for all training set compounds 

and that their transferability is also comparable to the best sets tested through this study. However 

slightly better parameters were identified for 3 membered and 4 membered ring compounds.  

Overall, such a study highlighted the robustness of the method developed in Chapter 2 and 

ref 109 and affirms that despite the observation of the parameter-correlation problem, this 

approach yielded us the best possible parameter sets for small molecules in the Drude Polarizable 

Force Field. Hence, as an additional step, the process of LJ optimization in the FF shall apply the 

RMSFK based evaluations to the best 100,000 LJ sets and follow the evaluation process as updated 

in this chapter. As a proof of concept, we shall apply this complete method to a new group, alkynes, 

in Chapter 4.  
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Chapter 4: Optimization of Lennard-Jones Parameters for alkynes in 

Drude Polarizable Force Field 

4.1 Introduction  

Significant transformations in the field of information technology and increased growth of 

computer hardware have ushered a new era of drug and material design with an increased 

utilization of computer simulation methods such as Molecular Dynamics (MD) and Monte Carlo 

(MC). Computer simulations techniques such as these helps simulate and visualize important 

molecular events such as protein folding, nucleic acid folding, DNA/RNA base-flipping, ion-

channel opening/closing, permeability of small molecules through bio-membranes, in-silico 

synthetic routes for chemical compounds, binding of drugs to biomolecular targets, etc. In-silico 

studies such as these often act as one of the major drivers of a scientific hypothesis in biomolecular, 

drug, or material design studies. However, the accuracy of such simulations is dependent on the 

quality of the underlying force fields. A set of potential energy functions and their constituent 

parameters that describe the energy of a system as a function of its atomic coordinates are known 

as force fields (FF). Examples of some widely applied force fields include CHARMM (Chemistry 

at HARvard Macromolecular Mechanics),8 AMBER (Assisted Model Building with Energy 

Refinement),9 GROMOS (GROningen MOlecular Simulation),10 OPLS (Optimized Potentials for 

Liquid Simulations),11 MMFF (Merck molecular force field),12 etc. Force fields such as these have 

majorly contributed to the process of drug and material design through decades and are mostly 

additive in nature. Additive FF use fixed partial charges to describe the electrostatics of a system. 

Although such FFs have contributed enormously to the field of in-silico design, the lack of explicit 

polarization limits their ability to capture the electronic changes in a system associated with 

changes in its electronic environment. An extension of such FFs is the polarizable form of FFs 
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which includes an explicit treatment of polarization. Examples of polarizable FF include 

CHARMMôs Drude Polarizable FF ï based on the Drude Oscillator model;44-46, 176-178 

AMOEBA,50, 52 AMBER51 and OPLS/PFF73-75 ï all based on the induced dipole model; 49, 52, 189-

192 Universal Force Field (UFF), force fields developed by Berne, Friesner, and co-workers, 47, 48, 

69 and the CHARMM fluctuating charge force field,70, 71 ï all based on the fluctuating charge 

model. 

The explicit treatment of polarization via the polarizable FFs have shown improved accuracy 

in capturing multiple macromolecular events such as ï protein folding and structure refinement of 

intrinsically disordered proteins,58 base flipping,53 conformational sensitivity of nucleic acid to 

different types of ions,54 distribution of ions around DNA duplexes,57 improved modelling of RNA 

hairpins,57 accurate representation of the electrostatic potential of membrane systems,59-61 and 

binding free energy in host-guest systems.62  

CHARMMôs Drude Polarizable FF is one such polarizable FF that presently covers proteins, 

nucleic acids, lipids, carbohydrates, atomic ions, and a limited set of small molecules representing 

drug-like small organic molecules including alkanes,100 alkenes,142 alcohols,126 ethers,22 

aromatics,101 N-containing aromatic heterocyclics,102 amides,88 sulfur containing compounds,103 

and halogenated aliphatic and aromatic compounds.86, 92 Given the enormous nature of chemical 

space, expansion of the small molecular FF for the Drude Polarizable FF is required, and will 

broaden its applicability to drug and materials design as well in quantum mechanical/molecular 

mechanical (QM/MM) studies.264 Concerning these efforts have recently been made to expand the 

coverage of small molecules by the Drude Polarizable FF. This includes efforts towards automated 

prediction of the electrostatic parameters,104, 147 optimization of the Lennard-Jones (LJ) parameters 

to expand the coverage to more chemical functionalities109, 116 and development of a FF 
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parametrization toolkit, FFParam, that can facilitate optimization of CHARMM36 additive and 

Drude parameters.31  

However, the expansion of the small molecule FF of Drude FF is an ongoing process and 

requires a systematic optimization of the LJ parameters of newer atom types as described in ref 

109, Chapter 2 and Chapter 3.  

In CHARMM FFs, the non-bonded van der Waals (vdW) interactions, are represented by the 

LJ formalism, as shown in equation 4.1, which includes the LJ well depth, ‐, and the distance at 

which the LJ energy between the two atoms i and j is a minimum, Ὑ ȟ
 .  

 

Ὗ  В ‐ ȟ ς ȟ
     Equation 4.1 

 

CHARMM atom types are based on their element type, chemical connectivity, hybridization 

state, bond order, type of bonded neighboring atom, number of bonded hydrogen atoms, etc. Such 

atom types thus define the chemical and physical behavior of the molecules and the optimization 

of their parameter must include experimental condensed phase thermodynamic properties of not 

one but multiple molecules.  

Optimization of the LJ parameters is one of the most challenging aspect of empirical FF 

optimization, that suffers from the ñcurse of dimensionality,ò due to the involvement of mutiple 

parameters (‐ and Ὑ ȟ
 ) and multiple molecules. In ref 109 and Chapter 2, we developed a 

systematic and high-throughput approach that utilized sampling power of Latin Hypercube Design 

(LHD)199 and the predictive abilities of Deep Neural Network (DNN)200 to overcome such 

challenges. The study was performed using 4 different chemical classes of compounds including 

alkenes, 3 membered rings, 4 membered rings and nitriles. The model was trained by using LHD 
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sampled LJ parameters of systematically selected atom types as inputs and thermodynamic 

properties such as molecular volume (Vm), enthalpy of vaporization (æHvap) and enthalpy of 

sublimation (æHsub) as the outputs. Once trained, the model was used for the prediction of 

thermodynamic properties for 10 million sets of LJ parameters, which were sorted using a 

weighted error function (Ὡ ) based on the differences of the predicted pure solvent/crystal 

properties with their respective experimental values. As a testament of the appropriate molecular 

behavior in the gas phase, ab-initio interactions of the molecules with rare gases were also included 

in the final selection process. After this, the quality of the final parameters were confirmed by 

testing the thermodynamic properties of external validation set compounds, hydration free energy 

and dielectric constant of the training and validation set compounds. Although the final set of 

parameters in ref 109 and chapter 2 showed adequate representation of the thermodynamic 

properties along with transferability to the validation set compounds, the selection was based only 

on a small subset of the top 100,000 LJ sets predicted by the DNN model. Additionally, the classic 

problem of parameter-correlation was also observed, where distinct sets of parameters seemed to 

reproduce the experimental thermodynamic properties equally well.  

In chapter 3, we expanded the selection process to the entire set of 100,000 LJ parameter sets 

for the same four classes of compounds, for two reasons: a) to investigate if the parameter-

correlation problem was inevitable when sampling a large LJ parameter space and b) to examine 

if the selected parameters were adequate enough to represent the properties of the optimized 

functional groups. Through Chapter 3 we confirmed that the problem of parameter-correlation is 

inevitable, we found sligthly better LJ parameters for two out of the four groups, i.e 3 membered 

rings and 4 membered rings, while those for alkenes and nitriles remained the same. This further 
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confirmed that the ab-initio based selection of the final parameters must be applied to the entire 

set of top 100,000 LJ sets predicted by the DNN model.  

In this chapter, we will apply the method developed in Chapter 2 along with the selection 

process as updated in Chapter 3 to a newer group ï alkynes, including three atom types CQ1C1A 

ï internal alkyne carbon, CQ1C1B ï terminal alkyne carbon and HQ1C1B ï terminal alkyne 

hydrogen.  

4.2 Methods 

4.2.1 Electrostatic and bonded parameter optimization 

Prior to the optimization of the LJ parameters, it is important to optimize the electrostatic and 

bonded parameters of the model compounds. For this, the optimization protocol for CHARMM 

Drude polarizable FF as outlined in Chapter 2 was followed. All ab initio calculations except 

vibrational analysis were performed using Psi4,151-153 and the molecular mechanical calculations 

were performed using CHARMM,8 while FFParam31 was used as the optimization tool. For the 

QM vibrational analysis, the Gaussian QM package150 was used while MOLVIB module of 

CHARMM was used for the MM vibrational analysis.207 

There are three electrostatic parameters in the Drude FF that require optimization ï partial 

atomic charges (q), atomic polarizabilities (Ŭ) and atomic Thole scale factors.106 At first, the 

geometry of each model compound was optimized in MP2/6-31G(d) model chemistry and the 

resulting geometry was used for further calculations. The initial electrostatic parameters were 

predicted by the recently developed DNN model for electrostatic parameters.147 After this, the 

quality of these parameters were tested by comparison of the model compound-water minimum 

interaction energies and distances calculated at the MP2/cc-pVQZ model chemistry using the 

counterpoise method to perform the basis-set superposition error (BSSE) correction.257 In addition, 
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the Thole scale factors from the DNN model were further optimized targeting the molecular 

polarizabilities. Furthermore, to ensure the quality of the overall electrostatic parameters, the 

molecular dipole moment, its component dipole moment vectors, molecular polarizability, and its 

component polarizability tensors were also compared with QM values, where MP2/Sadlej model 

chemistry was used for the calculation of ab initio molecular dipoles and polarizabilities.  

The bonded optimization included fitting of the alkynes bond, angle and dihedral parameters. As 

illustrated in Chapter 2, the initial bonded parameters were predicted using an in-house adaptation 

of the CHARMM General Force Field (CGenFF) program.27, 28 Next, these parameters were then 

fitted to optimize the agreement of the potential energy surfaces (PES) with the respective QM 

(MP2/aug-cc-pVDZ) PES. Additionally, the optimized bonded parameters were further adjusted 

to reproduce QM vibrational spectra calculated at the MP2/aug-cc-pVDZ model chemistry, where 

the QM vibrational frequencies were scaled by a factor of 0.9590.206 Once the final LJ parameters 

were selected, as described below, both electrostatic and bonded parameters of all training and 

validation set compounds were re-evaluated to adjust to the changes associated with the new LJ 

parameters.  

4.2.2 Pure solvent MD simulations 

As described in ref 109, Chapter 2 and 3, the neat liquid boxes of alkynes were prepared with 216 

molecules of the individual compounds, placed at equal distances of 6 Å in each direction. The 

boxes were created in the CHARMM additive FF, where the liquid box was heated to their 

experimental temperatures (Appendix 37) for 100 ps in the NVT ensemble, followed by 400 ps 

NPT equilibration, using a leap-frog integrator and a timestep of 1 fs with CHARMM MD engine. 

The 1 fs timestep for the additive FF was used to facilitate equilibration of the initial configurations 

and for comparison with the Drude FF. The equilibrated box was then transferred to NAMD, where 
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it was further equilibrated for 3 ns, of which the last 2.5 ns were utilized as the production run. 

The last frame, 3 ns, of the additive box was used for system preparation in the Drude FF, where 

Drude particles were added to the non-hydrogen atoms of the molecules and a mass of 0.4 amu 

was transferred to the Drude particles from their real atoms. Additionally, lone pairs were added 

as required to the hydrogen-bond acceptor atoms. This was followed by a steepest-decent (SD) 

minimization for 200 steps to relax the Drude particles, while the corresponding real atoms were 

restrained using a harmonic force constant of 106 (kcal/mol)/Å2. This process was followed by 

another round of minimization where all particles were allowed to relax using SD for another 500 

steps.  

The liquid boxes using the Drude FF were then equilibrated at the experimental temperatures 

(Appendix 37), 1 atm pressure with a 1 fs timestep, in the NVT ensemble for 100 ps, followed by 

a 400 ps equilibration in the NPT ensemble with CHARMM as the MD engine and using Velocity 

Verlet integrator (VV2) implemented in CHARMM. The VV2 integrator is implemented for 

approximation of the self consistent field (SCF) condition of the Drude particles through an 

extended Lagrangian dual thermostat formalism44 that includes a separate low temperature 

thermostat of 1 K for the Drude particles. 

After the systems were prepared and equilibrated in CHARMM, the trajectories were 

transferred to NAMD and was run for a further 1 ï 3 ns, depending on the convergence of each 

individual system production run. Calculations of the thermodynamic properties of the molecules 

involved condensed phase and gas-phase analysis performed in CHARMM as detailed in ref 109 

and Chapter 2. 
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4.2.3 Hydration Free Energy 

For the hydration free energy (HFE) calculations, Deng and Rouxôs staged implementation217 of 

alchemical free energy perturbation (FEP) as implemented in CHARMM, was used.123, 218 While 

the details of the staged simulation protocol is described in ref 109 and Chapter 2, an equilibrated 

box composed of a single molecule as the solute and 250 SWM4-NDP water molecules as the 

solvent was used. This box was at first equilibrated for 2 ns in CHARMM using the condensed 

phase MD protocol as described above. The equilibrated box was then used for the calculation of 

the HFE, by annihilating the solute in vacuum and water, with changes in the free energy computed 

through the FEP method. The overall length of the simulations was 500 ps equilibration and 3 ns 

production, to allow convergence of all molecules in the group. As described in ref 109 and 

Chapter 2, at first the simulation of two different alkynes (propyne and 2-pentyne), were performed 

in triplicates for 3 ns. The reported standard deviation for the group was based on the average of 

three individual sets of simulations for these two compounds. All other molecules of the group 

were then subjected to a single set of FEP simulation using the same length of production run as 

determined for these compounds. 

4.2.4 Deep Learning model development 

4.2.4.1 Data preparation 

The preparation of the training data for alkynes was similar to the alkenes, as described in ref 109 

and Chapter 2. The training set data for the DL model included the LJ parameters ‐ and Ὑ ȟ 

of the targeted atom types for the molecules in each set as features, and the MD calculated pure 

solvent properties, Vm and ȹHvap that were used as the output labels. Following selection of a range 

of LJ parameters to be sampled LHD was used for generating a subset of LJ parameters for the 

atom types undergoing LJ optimization. These parameters were then used for the empirical 
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calculation of the pure-solvent properties Vm and ȹHvap with the resulting MD empirical data used 

as the training data for the DNN model.  

4.2.4.2 Hyperparameter tuning 

The hyperparameter tuning for alkynes LJ model was performed to ensure that the earlier used 

hyperparameters fit the newer group equally well as it did for alkenes, 3 and 4 membered rings 

and nitriles and are shown in Table 4.1. A fully connected feed-forward Deep Neural Network 

(DNN) was used to develop the DL model for alkynes. The tuning was implemented through the 

GridSearchCV library of Scikitlearn225 and regression model from Keras,226 where the metric of 

the evaluation was ñnegative mean squared errorò, with 5-fold cross validation. The finalized 

hyperparameters included a learning rate of 0.005, with Swish as the activation function, 2 hidden 

layers with the number of input nodes equal to the number of input parameters. In the case of 

alkynes the number of input nodes were 6 (‐ and Ὑ ȟ for 3 different atom types CQ1C1A, 

CQ1C1B and HQ1C1B), while the number of output nodes were equal to the number of output 

properties, i.e. 8 (Vm and ȹHvap for 4 different molecules).  

Table 4.1: Hyperparameters used for model optimization 

Hyperparameter Range of values Final Hyperparameter 

Number of hidden layers 2,3,4,6,8,10 2 

Number of nodes in each layer 2,4,6,8,10,12,14 
Number of output 

thermodynamic properties 

Learning Rate 0.1,0.05,0.005,0.001 0.005 

Batch Size 2,4,6,8,10 6 

Activation function ReLU, Swish Swish 

 

4.2.4.3 Training and evaluation of the DL model 

After the hyperparameters of the DNN architecture were finalized, the alkyne LJ model was trained 

by using ‐ and Ὑ ȟ parameters as input features and Vm and ȹHvap properties as the output 
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labels. As described above, each model was a feed forward DNN comprised of two hidden, fully 

connected layers utilizing Swish as the activation function for the hidden layers, while with a linear 

activation function used for the output layer. The loss function was optimized using Adaptive 

Moment Estimator (Adam)228 with the Early stopping method used to limit the number of epochs 

and to avoid overfitting of the data, using a patience value of 100.229 As described earlier, a 5-fold 

cross validation was used, with 80% of the data chosen to train the DL model and 20% utilized in 

testing the accuracy of the model, where the agreement between the experimental values to the 

predicted values was evaluated to confirm the performance of the model at the end of training. 

Additionally, the reliability of the DNN predictions during Brute-Force sampling were also 

evaluated by comparing the predictions with empirical values for 25 different sets chosen from the 

10 million sets generated in that step, as also described in ref 109 and Chapter 2. 

4.2.5 Error functions  

As described in ref 109 and Chapter 2, two error metrics were utilized in the method for a high-

throughput optimization of the LJ parameters developed to overcome the most typical challenges 

of LJ optimization process. These error metrics were for evaluating the LJ sets based on the 

condensed-phase properties (Ὡ ) and gas-phase properties (RMSFK). These error metrics are 

described in detail in Chapter 2 (equation 2.2 to 2.4 for Ὡ  and equations 2.6 to 2.14 for RMSFK). 

While Ὡ  is based on the weighted absolute differences of the empirical to experimental Vm and 

ȹHvap, RMSFK is based on the rare-gas-compound interaction differences in QM and MM. As 

detailed in Chapters 2 and 3, while the method uses Ὡ  for the selection of the ñbestò LJ sets 

during training and Brute-Force Sampling, both Ὡ  and RMSFK are used for selection of the 

final set.  
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4.2.7 Selection of the final parameters 

4.2.7.1 Sampling of 10 million LJ parameter sets through Brute-Force Sampling 

Brute-Force sampling is the first step in the selection process of the LJ parameter sets utilizing the 

DNN model to predict the empirical thermodynamic properties of 10 million parameter sets. As 

described earlier in ref 109 and Chapter 2, the top 100,00 LJ parameter sets were selected using 

the Ὡ  function and subjected to further ab-initio based evaluation. The ranges of the LJ 

parameters scanned for alkynes during the Brute-Force sampling was same as the range of LJ 

parameters used in training its DNN model.  

4.2.7.2 Ab initio rare gas-model compound interaction based RMSFK evaluation of the top 

100,000 LJ sets 

Once the top 100,000 LJ parameter sets were selected from the Brute-Force Sampling step, all 

these sets were subjected to an ab-initio based model compound-rare gas interaction evaluation. 

For this, the QM rare gas-model compound interactions were performed at the MP2/cc-pVQZ 

model chemistry with BSSE correction, using counterpoise method,205 performed with Psi4 QM 

package.151-153 Next, the MM rare-gas interactions were performed on all 100,000 LJ sets on three 

interaction orientations; in-plane linear (0° from plane of target atom), in-plane lateral (90° in-

plane of the target atom), and out-of-plane (90° out-of-plane of the target atom) as per feasibility. 

As the next step RMSFK value was used as the ab-initio based error metric to evaluate the gas-

phase properties of these sets. As described in equations 2.1 to 2.10 of Chapter 2 and equations 3.1 

to 3.10 of Chapter 3, the RMSFK is based on the root mean squared fluctuation (RMSF) of the 

absolute differences in the interaction distances and interaction energies between QM and MM 

values, where K indicates each set of LJ parameters. After the RMSFK for all 100,000 sets were 
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calculated, the LJ sets with the best Ὡ  values from equivalent ranges of RMSFK were selected 

to evaluate the properties of the training set alkynes.  

4.2.7.3 Selection of Penultimate LJ Parameter Sets for Condensed Phase Evaluation  

As described in Chapter 3, the selection of the final LJ parameter set should be based on both gas-

phase and condensed phase evaluation. While a lower RMSFK value indicates optimal behavior in 

the gas-phase, the Ὡ  value indicates quality of the DNN predicted condensed-phase behavior 

compared to their respective experimental values. Although, the predicted Ὡ  is a good estimator 

of the quality of the empirical condensed-phase behavior, it is essential to calculate the actual 

empirical properties before finalizing such parameters. Thus, three different sets were chosen for 

the selection of the final set ï 1.) set with least Ὡ  2.) set with least RMSFK and 3.) set with Ὡ  

and RMSFK intermediate between sets 1 and 2. The selections are shown in Table 4.2 and were 

used for the empirical calculation of Vm and ȹHvap of the training set compounds to confirm their 

condensed-phase suitability and validation set compound to test their transferability.  

Table 4.2: LJ parameter sets chosen for the selection of final LJ parameters for alkynes. 

Alkynes 

Set ID ἱ
ἍἝ Ἅ Ἃ

 

(kcal mol-1) 

ἠἵἱἶȟἱ
ἍἝ Ἅ Ἃ

 

(Å) 
ἱ
╒╠ ╒ ║

 

(kcal mol-1) 

ἠἵἱἶȟἱ
╒╠ ╒ ║

 

(Å) 
ἱ
╗╠ ╒ ║

 

(kcal mol-1) 

ἠἵἱἶȟἱ
╗╠ ╒ ║

 

(Å) 
▄╡╞╒ RMSFK  

96181 -0.1895 1.6425 -0.1112 1.9893 1.0992 -0.0721 2.71 0.0418 

9407 -0.1861 1.6382 -0.1023 1.9548 1.1092 -0.0714 2.35 0.0486 

0 -0.1822 1.6754 -0.0991 1.9427 1.0985 -0.0729 1.99 0.0516 

 

4.2.8 Validation of the final parameters 

Once the 3 LJ parameters sets were selected, they were subjected to the evaluation of the pure-

solvent properties for both training and validation set compounds. Based on their performances in 

the pure-solvent properties, the best final LJ set was then selected. The final set was then further 

validated through the evaluation of the HFE and dielectric constants of both training and validation 
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set compounds (subjected to the availability of the experimental data). Once the final LJ 

parameters were validated, the electrostatic and bonded parameters were revaluated and adjusted 

to the changes in the LJ parameters of the present set. Figures and tables describing the final 

properties associated with these parameters are provided as Appendix 38 and 39. 

4.3 Results and Discussion 

LJ optimization is one of the most challenging steps in the optimization of empirical FFs. To 

overcome these challenges, we developed a method utilizing the sampling power of LHD, 

concerted with the predictive power of DNN to train models that can predict the empirical 

thermodynamic properties of the training set compounds. The developed models were then used 

for the prediction of empirical thermodynamic properties from 10 million datasets, of which best 

100,000 LJ sets were chosen using a weighted error function Ὡ . These 100,000 LJ sets were 

then subjected to evaluation of their gas-phase properties by comparing the rare-gas-compound 

interaction with those in QM, by using another error function RMSFK. While Ὡ  ensures the 

quality of the parameters in condensed phase, RMSFK ensures their gas-phase behavior, where 

both the error metrics are used for the selection of the final LJ parameter set. Furthermore, the 

developed method also tests the transferability of the selected parameters on validation set 

compounds and evaluates the performance of the LJ parameter set by evaluating additional 

condensed-phase properties such as hydration free energy (HFE) and dielectric constant. 

In Chapter 2 and ref 109, we applied the developed method to four different chemical classes ï 

alkenes, 3 membered rings, 4 membered rings and nitriles. We updated the parameter selection 

process in Chapter 3 by extending the evaluation of the gas-phase behavior to all 100,000 LJ 

parameter sets. In this chapter, we will apply the developed method to alkynes, and optimize the 
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LJ parameters for three different alkyne atom types: CQ1C1A, CQ1C1B and HQ1C1B. The 

training and validation set compounds are shown in Figure 4.1.  

 

Figure 4.1: Structures and atom types of training and validation set alkynes used for the study. 

4.3.1 DL model development 

As described in Chapter 2 and ref 109, DL model development is an iterative process that starts 

with selection of the initial LJ parameters, which are then utilized for the calculation of the 

empirical thermodynamic properties such as æHvap/æHsub and Vm. Based on the evaluation of these 

empirical properties generated from the initial parameters, a range of LJ parameters is then defined. 

If the initial properties of most training set molecules are close to their respective experimental 

values, a LJ space is created around this initial value by choosing a range of the LJ parameters that 

encompass the range of parameters initially tested. LHD is used to sample evenly spaced sets from 
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this defined LJ space which are used for the calculation of the empirical properties using MD 

simulations. Such a process of scanning the LJ parameters is iterative and requires multiple rounds 

of scans to choose a range that fits most of the training set molecules.  

In case of alkynes, the additive LJ parameters for alkyne atom types CG1T1 and CG1T2, 

were used for CQ1C1A and CQ1C1B, while the recently optimized Drude terminal alkene 

hydrogen HQ2C1B was used for the terminal alkyne hydrogen HQ1C1B. Using these as the initial 

starting point, the MD simulations were performed to calculate the Vm and ȹHvap of the training 

set alkynes ethyne (ETHY), propyne (PRPY), 1-butyne (1BTY) and 2-butyne (2BTY) (Figure 

4.1). Overall, two scans were required for creating the training data for the DNN model of alkynes. 

The ranges of LJ parameters scanned in both scans are listed in Table 4.2, where the best set in 

each scan was identified using the Ὡ  function. Table 4.3 shows the quality of the parameters 

for initial parameters and the best sets of scans 1 and 2. Note how the overall agreement with 

experimental value progressively improves from ñinitialò to ñbest scan 2ò for most of the 

properties, except for Vm of propyne, where the difference increases from -0.87 Å3 to -4.89 Å3. 

This was anticipated as the differences in the ñinitialò set for propyne were near zero, while those 

for ethyne and 1-butyne were 6.74 and 3.43 Å3, which improved to -0.46 and 0.54 Å3 respectively. 

As seen from Table 4.3, although the initial ȹHvap already had a good agreement with the 

experimental values, it still improved by an absolute of 0.20 ± 0.03 kcal/mol, where the error 

represents standard error over the four training set molecules.  
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Table 4.3: Ranges of LJ parameters scanned during scan 1 and scan 2 of alkynes, for the 

preparation of training data. 

Scan 1 (20 sets) 

Atom Types CQ1C1A CQ1C1B HQ1C1B 

LJ Parameters  ắ Rmin ắ Rmin ắ Rmin 

Initial  -0.1670 1.8400 -0.1032 1.9925 -0.0387 1.1215 

Lower Limit  -0.1991 1.5769 -0.1230 1.6079 -0.0727 0.9073 

Upper Limit  -0.1349 2.1951 -0.0834 2.2774 -0.0337 1.3918 

Best Set -0.1857 1.6284 -0.1164 1.9427 -0.0695 1.1495 

Scan 2 (100 sets) 

Atom Types CQ1C1A CQ1C1B HQ1C1B 

LJ Parameters  ắ Rmin ắ Rmin ắ Rmin 

Initial  -0.1857 1.6284 -0.1164 1.9427 -0.0695 1.1495 

Lower Limit  -0.2133 1.5478 -0.1337 1.7504 -0.0729 1.0926 

Upper Limit  -0.1581 1.7090 -0.0991 2.1350 -0.0661 1.2064 

Best Set -0.1888 1.6292 -0.1012 1.9408 1.0972 -0.0713 

 

Table 4.4: Quality of LJ parameters for initial, best of scan 1 and best of scan 2 for alkynes. 

Alkynes  

Molecule Description 
Vm ȹHvap 

Diff  %Diff  Diff  %Diff  

Ethyne 

Initial 6.74 9.75 -0.20 -5.41 

Best Scan 1 -1.51 -2.48 0.86 18.14 

Best Scan 2 -0.86 -1.40 0.39 9.14 

Propyne 

Initial -0.87 -0.87 -0.28 -5.36 

Best Scan 1 -5.24 -5.50 0.18 3.17 

Best Scan 2 -4.89 -5.11 -0.10 -1.77 

1-butyne 

Initial 3.43 2.53 0.47 7.69 

Best Scan 1 -0.57 -0.43 0.45 7.33 

Best Scan 2 0.54 0.41 0.19 3.22 

2-butyne 

Initial 0.96 0.73 0.01 0.16 

Best Scan 1 0.92 0.71 -0.47 -8.01 

Best Scan 2 0.52 0.40 -0.17 -2.75 

 

Although LHD allows sampling from the chosen LJ parameter space uniformly, it does so at a low 

resolution such that identifying the regions which contain the globally optimal and transferable 

parameter set might be difficult. DNNs delineates the complex relationship between the input ‐ 

and Ὑ ȟ for multiple atom types and output Vm and ȹHvap for multiple molecules, to determine 
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a set of globally optimal and transferable parameters for the targeted chemical class. A DNN model 

for alkynes was trained using 100 sets from scan 2, using Mean Absolute Error (MAE) and Mean 

Squared Error (MSE) as the error metrics. The convergence of the error metrics (MAE and MSE) 

during the model development is shown in Figure 4.1. As seen from the figure, the errors largely 

converged after 100 epochs, although training continued to meet the criteria discussed above and 

in Chapter 2 and ref 109. The resulting DNN model was able to predict the empirical 

thermodynamic properties of all alkynes, with an R2 of 0.996±0.004 for Vm and 0.923±0.043 for 

ȹHvap in the test split (20 % of the training data -see above). The agreement in the test split of the 

model indicates strong predictive ability of the model, although the quality of the model will also 

be validated after the Brute-Force search process in the next step.  
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Figure 4.2: Convergence of the error metrics A.) Mean Absolute Error (MAE) and B.) Mean 

Squared Error (MSE); along with the correlation between the predicted and true (empirical) values 

for C.) Vm and D.) ȹHvap of the test split of DNN model of alkynes.  
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4.3.2 High-throughput LJ parameter selection 

4.3.2.1 Sampling of 10 million LJ parameter sets through Brute-Force Sampling 

As described in Chapter 2 and ref 109, the trained DNN model was used to predict Vm and ȹHvap 

for 10 million sets of LJ parameters, where the range of LJ space scanned by the algorithm was 

the same as the range of the training data. The parameter sets were sampled stochastically using 

the Brute-Force algorithm,230, 231 which is a problem-solving method where all possible solutions 

to a problem are tested individually. Next, once the 10 million LJ parameter sets were sampled, 

the custom error function Ὡ , was applied to sort these sets in order of their agreement with the 

experimental pure solvent properties of the training set alkynes. Once sorted, the top 100,000 sets 

of LJ parameters were used for the gas-phase evaluation of through their RMSFK, as described in 

Chapter 2, ref 109 and Chapter 3. However, at first, the quality of the DNN predictions were 

compared to the empirical values for 25 sets sampled uniformly from the Brute-Force output. 

Appendix 40 depicts the agreement of the predicted to empirical values (Vm : 0.982±0.0266 and 

æHvap: 0.917±0.045), when applied to Brute-Force Sampling step. The R2 indicates the prediction 

ability of the overall DNN model to predict each of the two pure solvent properties, while the 

errors are standard deviation of the correlation over all molecules.  

4.3.2.2 Ab initio rare -gas-compound interaction based RMSFK evaluation of the top 100,000 

LJ sets 

The top 100,000 LJ sets out of Brute-Force sampling were subjected to the calculation of ab initio 

rare gas-model compound interaction based RMSFK. Figure 4.2 shows the relation between the 

gas-phase error metric RMSFK and the condensed-phase error metric Ὡ . The figure depicts the 

distribution of RMSFK on the margin of x-axis, and distribution of the Ὡ  on the y-axis. The 

distribution of RMSFK for alkynes is slightly centered towards the origin of the x-axis, similar to 
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that in alkenes ï as seen in Chapter 3 (Figure 3.2), however the distribution is less smooth than 

that of alkenes, indicating more prominent clusters than alkenes. Note that the range of Ὡ  and 

RMSFK are both very narrow, where the total range of Ὡ  is 1.99 to 2.72, the RMSFK ranged 

from 0.0418 to 0.0766 for the 100,000 sets of alkynes. To compare the quality of the empirical 

condensed phase parameters and choose an appropriate parameter set, three LJ parameter sets were 

selected and were subjected to calculation of empirical Vm and ȹHvap for both training and 

validation set compounds. 
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Figure 4.3: Correlation between the gas-phase error metric RMSFK and the condensed-phase error 

metric Ὡ  for alkynes. 

 

4.3.3 Selection and Validation of the final parameters. 

Three different LJ parameter sets were selected to evaluate their empirical pure-solvent properties 

for both training and validation set alkynes. The selections were made such that while the Ὡ  

ranged from 1.99 to 2.71, their RMSFK varied at a narrow range of 0.0418 to 0.0516 although the 

highest RMSFK was 0.0766. This was done to ensure optimal gas-phase and condensed-phase 

behavior of the selected sets. The predicted and empirical Ὡ  values for the chosen sets are listed 
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in Table 4.5. Note that while the DNN did not predict the Ὡ ȟ  directly, Ὡ ȟ  was based 

on the absolute differences of the DNN predicted pure-solvent properties with their respective 

experimental values for all training set molecules. Similarly, Ὡ ȟ  was based on the 

empirically calculated pure-solvent properties of these molecules. Note that the ranks of the 

Ὡ ȟ  and Ὡ ȟ  over these three sets are same.  

Figure 4.3 and Figure 4.4 represent the absolute average differences of empirical Vm and 

ȹHvap over the training set alkynes (Figure 4.3 A-B) and validation set alkynes (Figure 4.4 A-B). 

Also represented in these two figures are the quality of the empirical pure-solvent properties of 

individual molecule in the training set (Figure 4.3 C-D) and validation set (Figure 4.4 C-D), 

arranged in order of their RMSFK values. As seen from Figure 4.3 (A-B), for the training set 

compounds, the absolute differences in Vm over the group increased progressively with the 

increase in the RMSFK values, while the ȹHvap of the group slightly reduced in progression with 

increasing RMSFK. Figure 4.3 (C-D) shows the contributions of the individual training set 

molecule to the average value. As seen from this figure, the absolute difference in Vm of PRPY 

increases with increase in RMSFK and is the major contributor to the trend. Note that PRPY has 

always shown a high difference even in the LHD scans, where the difference increased by ~ 5.0 

Å3, to fit the properties of other molecules. This difference was still higher than all the three LJ 

sets being evaluated for the final selection. Set 0 with the least Ὡ ȟ  of 2.7100 and Ὡ ȟ  

of 2.8835, shows the best fit for all alkynes, except Vm of PRPY, while the ȹHvap of all compounds 

are lower than 0.5 kcal/mol for all three sets, while the Ὡ  values of set 9407 was also 

comparable, although with a better RMSFK. 
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Table 4.5: Selected LJ sets with absolute average difference in Vm (cu. ¡) and ȹHvap (kcal/mol), 

predicted and empirical Ὡ  and RMSFK of training set alkynes. 

Alkynes ï Training Set Molecules 

Set ID 
Diff (±SE) 

Vm (cu. Å) 

Diff (±SE) 

ȹHvap (kcal/mol) 
▄╡╞╒ȟ▬►▄▀ ▄╡╞╒ȟ▄□▬ RMSFK  

Initial starting LJ 3.00±1.38 0.05±0.02 NA NA NA 

96181 1.98±0.54 0.30±0.09 2.7100 2.8835 0.0418 

9407 1.74±0.73 0.25±0.06 2.3500 2.4904 0.0486 

0 1.62±0.97 0.23±0.07 1.9900 2.3060 0.0516 

 
Figure 4.4: Absolute differences of the empirical to experimental values for A.) Vm over training 

set molecules B.) ȹHvap, over training set molecules C.) Vm of all training set alkynes and D.) 

ȹHvap of all training set alkynes.  
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The test was further extended to the validation set alkynes using the same three sets, where the 

validation-set molecules were also subjected to the calculation of their empirical pure solvent 

properties. Table 4.6 shows the Å ȟ  of the validation set compounds. Figure 4.4 represent the 

absolute average differences of empirical Vm and ȹHvap over the validation set alkynes (Figure 4.4 

A-B), along with contributions from individual validation-set alkyne to the overall trends (Figure 

4.4 C-D). As seen from the figure, set 96181 shows the least Vm absolute average difference of 

4.56±1.28 cu. Å, while the standard error is the highest, while set 9407 shows the ȹHvap least 

absolute average difference of 0.73±0.25 kcal/mol and has the least Å ȟ  for the validation set 

alkynes. As seen from Figure 4.4 C, 2-pentyne (2PTY) has the maximum contribution to the 

absolute average difference in Vm, while all validation set alkynes (all long-chain alkynes: 

pentynes and hexynes) also showed higher differences in Vm. Note that a similar observation was 

made earlier in Chapter 2, ref 109 and Chapter 3, where all long-chain molecules showed a higher 

difference in their Vm. As discussed earlier, the possible reason behind such a difference might be 

the -CH2 groups, where it was consistently observed that on increase in the chain length or ring 

size of these molecules, the differences in the Vm becomes higher. As depicted in Figure 4.4 D, 3-

hexyne (3HXY) was the largest contributor to the trend of ȹHvap, while all other alkynes, especially 

in set 96181, had a more consistent behavior with lower absolute differences. Note that the 

experimental reference (ref 265 Chickos and Acree 2003) of 3HXY is a compilation of the enthalpy 

of vaporization of multiple compounds based on experimental citations. The book mentions that 

the ȹHvap of 3-hexyne was derived from its vapor pressure through the Clausius Clapeyron 

equation, as listed in a compendium,266 where the exact temperature of the calculation was 

unknown. Given the uncertainty of the experimental data for ȹHvap, the values reported for ȹHvap 

of 3HXY are based on the same temperature for which the experimental liquid density was 
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available, i.e. 290 K, while the boiling point of 3HXY is 354 K.267 Such uncertainties have also 

been highlighted for 2-cyanopyridine and 3-cyanopyridine in Chapter 3, where properties ȹHvap 

and ȹHsub of each of the two molecules were experimentally calculated at the same temperature. 

Experimental uncertainties such as these is another challenging aspect of the optimization of LJ 

parameters in empirical FF, which regrettably cannot be resolved.  

 Overall, as indicated by the Ὡ ȟ  value of the validation set alkynes, set 9407 has the 

best fit, while the same set also had lower Ὡ ȟ  for the training set data. Hence, set 9407 was 

chosen as the final LJ set, given its compliance with both gas-phase and condensed-phase behavior 

for the training set compounds, and its transferability to the validation set compounds.  

Table 4.6: LJ parameter sets with absolute average difference in Vm (cu. ¡) and ȹHvap (kcal/mol), 

Ὡ  empirical and RMSFK values for the validation set compounds for alkynes. *RMSFK denotes 

the RMSF of the corresponding set calculated from the training set molecules. 

Alkynes Validation Set 

Set ID 
Diff (±SE) 

Vm (cu. Å) 

Diff (±SE) 

ȹHvap (kcal/mol) 
▄╡╞╒ȟ▄□▬ RMSFK  

96181 4.56±1.28 0.97±0.19 9.3209 0.0418 

9407 4.81±1.03 0.73±0.25 8.7365 0.0486 

0 5.02±0.95 0.92±0.21 9.7190 0.0516 
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Figure 4.5: Absolute differences of the empirical to experimental values for A.) Vm over validation 

set molecules B.) ȹHvap, over validation set molecules C.) Vm of all validation set alkynes and D.) 

ȹHvap of all validation set alkynes. 

4.3.4 Quality of the hydration free energies and dielectric constants with the final LJ 

parameters 

Once the final LJ parameters were selected, as a part of the method, the hydration free energy and 

dielectric constant of the group were also evaluated. While the hydration free energy of these 

compounds is still under evaluation the dielectric constants along with the Vm and ȹHvap of all 

training and validation set molecules are listed in Table 4.7 and 4.8 respectively. Since the 

experimental dielectric constant of none of the alkynes could be found, a comparison with the 
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CHARMM additive FF is reported in Table 4.8, while the overall quality of the pure-solvent 

properties is reported in Table 4.9.  

As observed from Table 4.7 and Table 4.9, the quality of the parameters in the Drude 

polarizable FF usually showed better agreement with the experimental values, when compared to 

the additive FF. Although the training set molecules such as propyne, 1-butyne and 2-butyne 

showed slight increases in the differences in Vm, the differences were subtle with respect to the 

total magnitude. For validation set compounds, Vm of 2-pentyne in Drude FF showed a larger 

difference with experiment when compared with the additive results, while improving the 

agreement of æHvap by ~ 0.8 kcal/mol over the additive FF. For all other validation alkynes, both 

Vm and æHvap showed better agreement in Drude FF.  

Table 4.7: Thermodynamic properties (Vm and æHvap) of alkynes. Differences in molecular 

volumes Vm in Å3 and enthalpies of vaporization and sublimation in kcal/mol. 

Alkynes 

Training Set 

Molecule Force Field 
Vm æHvap 

Diff  %Diff  Diff  %Diff  

Ethyne 
Additive 0.51 0.81% 0.60 12.50% 

Drude Final 0.39 0.62% 0.14 3.36% 

Propyne 
Additive -3.17 -3.26% 0.14 2.48% 

Drude Final -3.73 -3.86% -0.20 -3.72% 

1-butyne 
Additive 1.02 0.76% 0.58 9.31% 

Drude Final 1.91 1.42% 0.24 4.05% 

2-butyne 
Additive -0.48 -0.37% 0.30 4.49% 

Drude Final 0.94 0.72% -0.42 -7.03% 
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Table 4.7 continued 

Table 4.7: Thermodynamic properties (Vm and æHvap) of alkynes. Differences in molecular 

volumes Vm in Å3 and enthalpies of vaporization and sublimation in kcal/mol. 

Validation Set 

1-pentyne 
Additive -4.93 -3.11% 0.58 7.87% 

Drude Final -4.56 -2.87% 0.10 1.50% 

2-pentyne 
Additive -5.45 -3.52% 1.05 12.49% 

Drude Final -8.38 -5.52% 0.27 3.52% 

1-hexyne 
Additive -5.00 -2.69% 1.27 13.69% 

Drude Final -2.46 -1.31% 0.72 8.26% 

2-hexyne 
Additive -4.48 -2.46% 1.85 18.76% 

Drude Final -3.25 -1.77% 1.13 12.41% 

3-hexyne 
Additive -6.78 -3.73% 2.85 28.11% 

Drude Final -5.42 -2.96% 1.40 16.11% 

 

Table 4.8: Dielectric Constants of all molecules in Alkynes in CHARMM additive and Drude 

Polarizable FF. 

Alkynes ï Dielectric Constants 

Molecule Force Field Temperature (K) 
Dielectric Constant 

(Avg. over 3 runs ± STD) 

Ethyne 
Additive 189 2.15 ± 0.05 

Drude 189 2.00 ± 0.01 

Propyne 
Additive 242 2.54 ± 0.03 

Drude 242 2.82 ± 0.04 

1-butyne 
Additive 298 2.26 ± 0.02 

Drude 298 1.94 ± 0.02 

2-butyne 
Additive 298 1.79 ± 0.00 

Drude 298 1.78 ± 0.01 

1-pentyne 
Additive 298 2.17 ± 0.02 

Drude 298 2.00 ± 0.02 

2-pentyne 
Additive 298 1.82 ± 0.01 

Drude 298 2.35 ± 0.08 

1-hexyne 
Additive 298 2.50 ± 0.05 

Drude 298 2.39 ± 0.10 

2-hexyne 
Additive 290 1.80 ± 0.00 

Drude 290 1.92 ± 0.02 

3-hexyne 
Additive 290 1.79 ± 0.01 

Drude 290 1.92 ± 0.02 

  Average Additive (±STD) 2.09 ± 0.31 

  Average Drude (±STD) 2.12 ± 0.33 

 

Since the experimental values of the dielectric constant for none of the alkynes are 

available, we compared this property with respect to those calculated using CHARMM additive 

FF. As depicted in table 4.8, the dielectric constant for all molecules is more or less similar to those 
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in the additive FF, although some subtle differences do exist, where the dielectric constants in 

Drude FF are slightly higher. These differences are however anticipated, as polarizable FFs 

represent this property better than additive FFs,268 although this observation could only be 

ascertained through experimental data.  

Table 4.9: Pure solvent properties averaged over the training and validation set alkynes. Molecular 

volumes, Vm in Å3 and enthalpies of vaporization in Kcal/mol. Differences and percent differences 

are unsigned, reported uncertainties represent standard error values. 

Alkynes 

Force Field 

Training Set Validation Set 

Vm  

Diff.  

Vm 

% Diff.  

ȹHvap 

Diff.  

æHvap 

% Diff.  

Vm 

Diff.  

Vm 

% Diff.  

æHvap 

Diff.  

æHvap 

% Diff  

Additive  1.30±0.55 1.30±0.57 0.41±0.10 7.20±1.97 5.33±0.35 3.10±0.21 1.52±0.35 16.18±3.08 

Drude 1.74±0.73 1.66±0.65 0.25±0.06 4.54±0.73 4.81±1.03 2.89±0.65 0.73±0.25 8.36±2.42 

 

4.4 Conclusion 

The optimization of LJ parameters is one of the most challenging aspects of empirical FF 

development and can be classified as a multivariate and multi-objective problem. Such an 

optimization is typically based on experimental thermodynamic properties of multiple molecules, 

where the challenge multiplies with increased number of atom types being optimized. To 

overcome such challenges, we developed a high throughput method in Chapter 2, which utilizes 

LHD to sample the vast LJ space and DNN to find the globally optimal parameters. To validate 

the gas-phase, the process compared the top 100,000 LJ parameter sets to ab-initio rare gas-model 

compound interaction based RMSF evaluation. A few sets were systematically chosen from the 

100,000 sets for further selection of the final LJ parameters in Chapter 3, which were subjected to 

condensed-phase evaluation of both training and validation sets. Such an evaluation allowed 

selection of the final LJ parameters, such that the quality of the parameters was not only optimal 

for the training set compounds but were also transferable over the validation set compounds. 

Additionally, the process also involved evaluation of other important condensed-phase properties 
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such as hydration free energy and dielectric constant, to confirm the suitability of the physical 

behavior produced by the final LJ parameters.  

In this chapter, we applied the updated method on another class of compounds, alkynes, 

over 9 different molecules, with 3 different alkyne atom types, CQ1C1A (internal alkyne carbon), 

CQ1C1B (terminal alkyne carbon) and HQ1C1B (terminal alkyne hydrogen). The overall quality 

of the parameters from the final LJ set, showed better agreement with the experimental values 

when compared to the additive FF, where although the absolute differences in Vm were comparable 

(additive : 3.54±0.78 Å3 and Drude FF : 3.45±0.82 Å3), the agreement of æHvap was much better 

with Drude FF (additive: 1.02±0.29 kcal/mol and Drude FF: 0.51±0.16 kcal/mol). As mentioned 

in the results, the transferability of the parameters of alkynes also showed improvements when 

compared to the additive. Overall, the parameters optimized for alkynes in this chapter may be 

finalized after the evaluation of the HFE of the compounds.  
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Chapter 5: Challenges in Empirical Force Field Development 

5.1 Introduction  

 

The mathematical form of potential energy functions along with its constituent parameters that 

populate such a form are known as empirical force fields (FFs). Such equations are deployed in 

computer simulation approaches such as Monte Carlo (MC) and Molecular Dynamics (MD), to 

calculate the potential energy of the simulated system, and hence determines the accuracy of their 

representation. Given the role of FFs in the reliability of such computer simulation methods, it is 

important that they are optimized carefully and are regarded as a task of precision. The process of 

optimization of FFs is multifaceted and is typically based on either using Quantum Mechanics 

(QM) or experimental data as the target values. The development of empirical FFs typically 

involves optimization of model organic compounds to build the fragments for biomolecules, drug-

like organic molecules or organic materials. Some examples of widely utilized empirical force 

fields include CHARMM (Chemistry at HARvard Macromolecular Mechanics),8 AMBER 

(Assisted Model Building with Energy Refinement),9 GROMOS (GROningen MOlecular 

Simulation),10 OPLS (Optimized Potentials for Liquid Simulations),11 MMFF (Merck molecular 

force field),12 etc. The functional form of the potential energy as implemented in CHARMM is 

represented: 

ὟὙᴆ  В ὑ ὦ ὦ  В ὑ — — В ὑ ρ ὧέίὲ… ‏

 В ὑ ‫ ‫ В Ὗ ‰ȟ‪  В ὑ ό  ό 

 В ‐ ȟ  ς ȟ                                      Equation 5.1 
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As represented in the equation, ὟὙᴆ denotes the total potential energy of a system, which is the 

sum of the bonded (covalent) and the non-bonded (non-covalent) interactions. The bonded part of 

potential energy includes contribution from bonds, valence angles, dihedral angles and improper 

dihedral angles in a system. The corresponding parameters such as b0, q0 and w0 represent 

equilibrium values for bonds, angles, and improper angles, while Kb, Kq and Kw are their respective 

force constants. The non-bonded part of potential energy includes contributions from the van der 

Waals (vdW) interactions and electrostatic interactions. The vdW interactions in CHARMM is 

represented by Lennard-Jones (LJ) formalism implemented using the 6-12 term, that represents 

both favorable interactions associated with London dispersion forces and short-range repulsive 

interactions associated with the Pauliôs exclusion principal. The parameters that define such a form 

in CHARMM are the well depth ‐ of the LJ energy surface between two non-bonded atoms i and 

j and the distance between them, Ὑ ȟ
 , when the LJ potential energy surface reaches its 

minimum. The electrostatic interactions in CHARMM are represented by Coulombic potential, 

which includes parameters such as ή and ή representing the  

charges on two non-bonded atoms i and j, and ὶ that represents the distance between them. 

  

 Bonded parameters are parametrized to fit the QM potential energy surfaces with a 

substantial reproduction of the QM vibrational modes, to ensure conformational reliability of the 

molecules. Electrostatic parameters such as partial atomic charges, atomic polarizabilities (for 

CHARMM Drude polarizable FF only) and Thole scale factors (Drude FF) are optimized to fit the 

QM molecular dipole moment, dipole moment vectors, molecular polarizability, and polarizability 

tensors (Drude FF), along with QM water interaction energies and distances. Optimization of the 

LJ parameters are typically based on reproduction of the pure-solvent/crystal thermodynamics 
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properties for a set of model compounds, while ab-initio gas-phase data is also used, either solely 

or in conjunction with the thermodynamic properties.  

 While the overall process of FF development is challenging in itself, there are specific 

challenges associated with almost every type of parameter that comprise the functional form. 

While this dissertation addresses the challenges associated with the optimization of the LJ 

parameters, the challenges pertaining to the optimization of electrostatic and bonded parameters 

have been addressed elsewhere.31, 104, 116, 147 While subsequent efforts have been made to overcome 

such challenges, some of them are yet to be addressed. Presented through this chapter is a 

discussion of some of the challenging problems related to the development of empirical FFs, along 

with probable or recently identified solutions. While our discussions will be based on FF 

parametrization in CHARMM additive and Drude polarizable FFs, most of the discussions are 

applicable to almost any empirical FF.  

5.2 Overcoming challenges of generalizing Drude FF related to electrostatic and bonded 

parameters 

 

5.2.1  Electrostatic parameters  

 

With respect to the functional form of potential energy in additive CHARMM (equation 1), there 

could be only one electrostatic parameter that needs optimization, the partial atomic charges. 

However, polarizable FFs such as the Drude FF, have two additional parameters viz. atomic 

polarizability (Ŭ) and the Thole scale factor.46, 87 As discussed above, in the context of the Drude 

FF, these parameters are typically optimized based on QM water interaction distances and 

energies, QM molecular dipole moment and QM molecular polarizability. Although fitting these 

parameters to reproduce the QM data sounds simple, the foremost challenging aspect of 
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electrostatic parameter optimization is determining the initial parameters, followed by the 

challenge of fitting such parameters to match the above-mentioned QM target data. While 

programs such as CGenFF,27, 28 for CHARMM additive FF, Antechamber for AMBER,37 and 

LigParGen for OPLS,269 are available for the derivation of the partial atomic charges from 

analogous atom types, the rapid prediction of atomic polarizabilities and Thole scale factors in the 

Drude or any other polarizable FF, was a challenge until recently. This challenge was recently 

overcome through development of a Deep Neural Network (DNN) model based on the atom types 

and atomic connectivities as features and Restrained Electrostatic Surface Potential (RESP),40 

based QM charges, QM atomic polarizabilities and derived Thole scale factors as target data.147 

This method trained with information from ~40,000 drug-like compounds from the ZINC105 

database showed considerable performance during its development and subsequent validation. 

Additionally, through this thesis we applied this DNN model to predict the properties of 44 model 

compounds belonging to 5 different chemical classes, including alkenes, alkynes, 3 and 4 

membered cyclic rings (including cyclic alkanes, cyclic ketones, and cyclic acetates) and nitriles. 

Thus, utilizing this recently developed DNN models for determination and optimization of the 

nonbond parameters is a step further in overcoming the challenges of generalization of the Drude 

FF.  

5.2.2 Bonded Parameters 

As described above and in Chapters 1-4 of this thesis, the bonded parameters such as equilibrium 

bond length (b0), equilibrium angle (q0), dihedral multiplicity (n) and phase (‏), equilibrium 

improper angle (w0) and their respective force constants (Kb, Kq, ὑ  and Kw) are the parameters 

that need to be optimized to ensure the conformational accuracy of the molecules. While these 

parameters are generally optimized to fit QM potential energy surfaces (PES), empirical FFs can 
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also use QM vibrational spectra for additional validation of the conformational properties of the 

molecules. Use of vibrational as the advantage that the combined contribution of different bonded 

terms in the FF to distortions of the molecules may be more accurately optimized. Like the 

electrostatic parameters, a significant challenge of optimizing the bonded parameters is the 

prediction of the initial values. Programs like CGenFF for CHARMM, General automated atomic 

model parameterization (GAAMP) for CHARMM and AMBER FF,30 Antechamber for 

AMBER,37 and LigParGen for OPLS,269 are available for the assignment of atom types and initial 

bonded parameters. For Drude polarizable FF, which has different atom types than the CHARMM 

additive general FF, CGenFF, it was necessary to generate the initial atom types. This was 

performed by taking advantage of the CGenFF program that accesses a rules file to perform atom 

typing. Accordingly, we were able to adapt the original CGenFF rules file to produce the atom 

types in Drude Polarizable FF.147 Although, all such programs assign the initial parameters by 

recognizing the atom types and assigning the exact or analogous bonded parameters available in 

the FF, the assignment of the initial parameters may not always be optimal, thus mandating further 

optimization. Furthermore, the optimization of bonded parameters is not always easy and 

historically has applied hand-tuning to obtain the right combination of force constants and 

equilibrium values. Fitting of dihedral angles is particularly challenging as it includes truncated 

Fourier series (ranging from 1 to 6) of terms that need to be considered. Although the optimization 

of dihedrals may be obtained using specific Monte Carlo Simulated Annealing (MCSA)165 or Least 

Square Fitting (LSFITPAR) methods164 such algorithms can only fit single parameter at a time, 

thereby limiting the optimization for a set of parameters. To overcome such challenges, advanced 

tools utilizing statistical, or Machine Learning methods are being increasingly employed. ParamFit 

is one such tool that implements a combination of genetic and simplex algorithms to determine the 
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optimal set of bonded parameters, including those of the dihedral angles.163 This tool is meant for 

optimization of all bonded parameters in AMBER FF, including equilibrium values, force 

constants and multiplicities and is an advanced version of its predecessor Paramscan, that could 

only optimize bond length, bond angle and dihedral angle terms.162 Determination of appropriate 

force constant is another challenging aspect of bonded parameter optimization, which usually 

depends on the quality of the initial guess. Determination of suitable force constants related to 

bonds, angles and dihedrals not only help in the fitting the QM PES, but also helps in matching 

the QM vibrational spectra. For this purpose, Hessian Fitting based methods have proven helpful 

and are increasingly being developed.160, 270  

While the challenges of bonded optimization with respect to the Drude FF also remain 

similar, given the vast and ever-expanding nature of the chemical space, a high throughput 

optimization of the bonded parameters will also be required. Although, FF parametrization toolkits 

such as Force Field Toolkit (ffTk)29, 149 and FFParam,31 are both efficient and user friendly, their 

Graphical User Interface (GUI) based approach limits optimization of multiple molecules together. 

For this purpose, a Linux-based in-house command-line version of FFParam is under alpha-testing 

at the MacKerell lab, and has also been used for the optimization of all molecules included in ref 

109 and this thesis.109 Although, FFParam utilizes LSFITPAR for the optimization of the bonded 

parameters, implementation of a Hessian based approach, or similar to the ones in ParamFit, shall 

aid in the optimization of multiple bonded parameters together, thus expediting the process of 

expansion of the FF. 
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5.3 Overcoming challenges in LJ parameter development with the developed method  

5.3.1 The curse of dimensionality 

Optimization of the LJ parameters are one of the most challenging aspects in the development of 

empirical FFs. The motivation of the LJ parameter optimization ideally stems from the requirement 

of including a new atom type related to a new chemical class or functional group. Atom types in 

CHARMM or AMBER FF are the chemical environment of an atom, defined by its hybridization 

state, bond order, type of bonded neighboring atom, number of bonded hydrogens, etc. The 

optimization of LJ parameters, ‐ and Ὑ ȟ, typically involves reproduction of the experimental 

thermodynamic properties such as enthalpy of vaporization (æHvap), enthalpy of sublimation 

(æHsub), molecular volume (Vm), isothermal compressibility, and viscosity, etc., for multiple 

compounds containing the functional group under consideration. The goal of such an optimization 

process is to identify a single set of LJ parameters that can reproduce the experimental 

thermodynamic properties of all representative molecules of a chemical class. However, in reality, 

the representative molecules could have widely separated local minima, where brute force 

searching for the global minima in this multivariate parameter space would almost be impossible. 

Furthermore, as a typical protocol of LJ parametrization involves not one but multiple atom types 

belonging to the same class, the challenge of overcoming the ñcurse of dimensionalityò multiplies.  

To overcome such challenges associated with the multivariate and multi-objective problems of LJ 

optimization, through this thesis and ref 109, we developed a method that implements a statistical 

sampling method called Latin Hypercube Design (LHD) to uniformly sample the multivariate LJ 

space.199 Through this method, LHD generated a set of LJ parameters, which were then used to 

calculate the empirical thermodynamic properties of the training set molecules using MD. The 

generated data was utilized to train a of Deep Learning (DL) model which harnessed the predictive 
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power of Deep Neural Network (DNN) to learn the relationship between the multivariate LJ 

parameter sets to the multi-objective thermodynamic properties of the training set molecules. The 

information stored in the models were then utilized to predict the thermodynamic properties of 

training set molecules for 10 million LJ parameters sets, out of which top 100,000 sets were chosen 

for ab initio rare gas-model compound interaction-based evaluation of the gas-phase behavior. 

Once evaluated, a few LJ sets that reproduced both gas-phase and condensed-phase target data 

well, were subjected to further evaluation and validation. Eventually, the final set was chosen 

based on its gas-phase and empirical condensed-phase properties, while the quality of the LJ 

parameters sets was also evaluated for transferability to the validation set compounds. The final 

LJ set was then tested to reproduce other thermodynamic properties such as hydration free energy 

and dielectric constant. Although the method was developed and tested on the Drude FF, it could 

practically be used for LJ parameter development for any additive or polarizable FF.  

5.3.2 The problem of Parameter Correlation 

Another challenge associated with the development of LJ parameter optimization in any empirical 

FF, is the problem of parameter-correlation, where distinct sets of parameters yield similar 

thermodynamic properties.124, 125 Such a problem is not new and was earlier identified to be caused 

either due to the sole use of condensed-phase properties, 13, 253 or by the sole use of gas-phase 

properties, 118 for the optimization of the LJ parameters. To overcome this problem, Yin and 

MacKerell (1998) devised a two-step LJ optimization process that implemented both ab initio rare 

gas-model compound interaction based data along with experimental pure-solvent/crystal 

properties of the target molecules.121 The philosophy behind utilizing this two-step approach was 

to avoid selection of overfitted LJ parameters which would either be physically viable in either the 
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gas phase or the condensed phase, but not both. This method has been utilized for the optimization 

of the LJ parameters in the additive CHARMM and Drude polarizable FFs. 121, 122  

 In Chapter 2, we observed the presence of the parameter correlation problem in our data, 

despite considering both gas-phase and condensed-phase data for the selection of the final LJ 

parameter sets. Additionally, it was also observed that for most long-chain aliphatic or non-

aromatic ring compounds, the quality of reproduction of the experimental data slightly 

deteriorated, although staying comparable or better than additive FF. Note that our method scans 

a wider range of LJ parameters than performed earlier, which is especially when the initial 

parameters are not suitable for the given training set. Thus, to investigate if the problem was 

observed because of the vast range of the LJ parameter space explored in Chapter 2, we extended 

the investigation to Chapter 3. In Chapter 3, we explored the problem of parameter correlation 

using the same four groups, which was used for development and testing of the method, the 

alkenes, 3 and 4 membered rings and nitriles. Using a combination of gas-phase and condensed-

phase criteria, a thorough exploration of the parameter space was undertaken over the best 100,000 

parameter sets scanned through this method. In this chapter, we concluded that the problem of 

parameter-correlation is inevitable, when a vast LJ space is scanned in search of the optimal 

parameters. Thus, as suggested through the updated method, the final LJ parameters should be 

chosen based on their ability to reproduce both ab initio gas-phase data and experimental 

condensed phase data of the training set molecules, while their transferability to the validation set 

molecules should be verified. Additionally, reproduction of other thermodynamic properties such 

as HFE and dielectric constant is also essential. Furthermore, we tested the updated method to an 

additional group, alkynes, in Chapter 4 where the pure solvent properties of both training and 

validation set compounds were reproduced optimally, by using the updated method. Using the 
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updated method, in Chapter 4, we were able to reproduce the experimental properties of the long-

chain aliphatic and non-aromatic ring compounds, consistently better than those in additive FF. 

However, further proposal on a better reproduction of the experimental properties, is discussed 

below. 

5.3.3 Challenges associated with the experimental data 

5.3.3.1 Lack of experimental data 

Optimization of LJ parameters heavily depend on experimental pure solvent/crystal properties of 

the targeted molecules. The first step in the selection of these target molecules, typically involves 

identifying compounds that have available experimental data such as æHvap/æHsub and Vm. Once a 

set of such molecules are identified, the simpler ones are chosen for the training set, while the 

remaining molecules are reserved as the validation set molecules. Although the process sounds 

simple, availability of the experimental data is a major limiting factor in the development of LJ 

parameters and often molecules with simpler connectivities that contain less atom types are 

unavailable. For example, while optimizing the LJ parameters for 4 membered ring compounds, 

not enough molecules with both experimental properties Vm and æHvap were available. Thus, to 

include enough molecules in the group 2-oxetanone was included in the training set (Figure 5.1 

A), which we later identified as a misfit with respect to the condensed-phase behavior of other 

members of the same group. As discussed in Chapter 2 and ref 109, on replacing 2-oxetanone with 

3-oxetanone (Figure 5.1 B), the correlations in the condensed-phase behavior of the training set 

molecules improved considerably.109 Thus, identification of suitable molecules for training data 

for LJ optimization is one of the challenging aspects of the process, which relies on availability of 

the experimental data. 
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Although, using publicly available archives such as the NIST ThermoML archive,271 could 

be helpful in obtaining the required experimental data faster, finding data for specific molecules 

of choice is still subjected to the actual availability of the properties of interest. Thus, a dearth of 

experimental data is a challenge that could not be overcome until significantly more experimental 

data is obtained, allowing for more databanks such as the Cambridge Crystallographic Data Centre 

(CCDC),210 or Protein Data Bank (PDB),272 to be created that contain pure-solvent and mixed-

phase properties. 
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Figure 5.1: Structure of compounds for 4 membered ring compounds, with and without 2-

oxetanone. 

  




























































































































































